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A B S T R A C T

Rhythm, such as in music, contains structure in the form of rhythmic patterns: the more or less predictable 
successions of longer and shorter intervals (i.e., the “morse code” of the rhythm). Listeners can use rhythmic 
patterns to predict the timing of sounds and guide their perception and action. It is still unclear how rhythmic 
patterns are represented in the human mind. Here, we used a probabilistic model of auditory expectations to 
simulate the perception and production of rhythmic patterns. We modelled expectations in rhythmic sequences 
at three different levels of abstraction: as the predictability of absolute inter-onset intervals (IOI), ratios between 
successive intervals (ratio), and the direction of change of successive intervals (contour). Subsequently, we 
selected rhythms that varied maximally in their modelled predictability across the three levels of abstraction for 
three behavioral tasks: a target detection task in which the rhythm was not task-relevant (implicit task), a 
complexity rating task (explicit task), and a tapping task (motor task). We found that both ratio and contour 
affected behavioral responses across all tasks, with the largest effects in the explicit rating task. IOI only affected 
responses for the explicit and motor tasks, where the rhythm was task-relevant, and to a greater extent when an 
imprecise, categorical representation of IOI was assumed. These findings suggest that humans rely mostly on 
imprecise representations of rhythmic patterns, but may flexibly adapt their representation based on task 
demands.

1. Introduction

To efficiently process our dynamic environment, we use temporal 
structure in sensory input to guide the timing of perception and action. 
Temporal structure is especially prominent in rhythmic signals like 
language and music, and the ability to process it has consequences not 
just for perception (Nobre & van Ede, 2018), and movement (Damm 
et al., 2019), but also for the pleasurable and social responses associated 
with music (Fiveash et al., 2023; Savage et al., 2020). Rhythmic signals 
(e.g., sequences of events in time) can contain several types of structure 

that may allow accurate predictions for the timing of events (Bouwer 
et al., 2021; Nobre & van Ede, 2018). Temporal structure in rhythm can 
be (quasi)periodic in nature (Doelling et al., 2022), such as a musical 
beat, and may also be hierarchically structured (Bouwer et al., 2021), 
such as meter in music (e.g., a march or a waltz). Although it is less 
commonly investigated, structure can also occur in the surface pattern of 
the rhythm: the succession of longer and shorter intervals that make up 
the rhythmic pattern (e.g., the “morse code” of the rhythm) can be 
predictable, for example through pattern repetition (Bouwer et al., 
2020). This rhythmic patterning is the focus of the current work.
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One approach to studying how humans process rhythmic patterns is 
to examine the motor production of patterns. Serial reaction time (SRT) 
tasks, in which a motor sequence is implicitly learned, have shown that 
the presence of predictable temporal intervals improves motor response 
times (Brandon et al., 2012; Heideman et al., 2018a, 2018b; Nobre & 
van Ede, 2018; O’Reilly et al., 2008; Schultz et al., 2013; Shin & Ivry, 
2002), and that humans can implicitly learn rhythmic patterns of at least 
eight temporal intervals, even in the absence of other structure like a 
beat (Schultz et al., 2013). Similar learning of rhythmic patterns has 
been shown in explicit tapping synchronization studies, even when 
patterns do not have a clear beat (Bulger et al., 2022; Dean et al., 2021; 
Matthews et al., 2016; Repp, 2005; Repp & Su, 2013). While in SRT and 
synchronization tasks, participants respond and synchronize to con
current stimuli, another approach has been to train participants to 
perform a motor sequence without a pacing signal (Hardy & Buono
mano, 2016). Such paradigms have demonstrated learning to motori
cally reproduce rhythmic patterns, even when patterns did not contain a 
metrical beat, and when the temporal structure of a pattern was not 
accompanied by structure in the identity of stimuli (e.g., ordinal struc
ture) (Cameron & Grahn, 2014; Kornysheva et al., 2013; Kornysheva & 
Diedrichsen, 2014; Laje et al., 2011; Ullén & Bengtsson, 2003).

The presence of a rhythmic pattern does not just aid motor perfor
mance but also perception, as evidenced by increased target detection in 
the presence of predictable temporal patterns in auditory sequences 
(Bouwer et al., 2020; Morillon et al., 2016). Humans can also reliably 
judge whether two rhythmic patterns are the same (Grahn & Brett, 
2007), and whether the continuation of a pattern fits with the learned 
temporal structure (Bouwer et al., 2023). Evidence from EEG research 
suggests that rhythmic patterns can be learned not just explicitly, but 
also implicitly, when they are not task-relevant (Bouwer et al., 2020). 
Thus, to sum up, the temporal structure in rhythmic patterns aids motor 
and perceptual performance, and is readily learned by humans.

Despite similar behavioral benefits, the mechanisms underlying 
processing of predictable patterns and regular beats in rhythm have 
been suggested to be distinct (Aharoni et al., 2024; Bouwer et al., 2023; 
Breska & Deouell, 2017; Teki et al., 2011). While beat-based processing 
has been explained as a process of entrainment – the phase alignment of 
some internal process in a listener with an external rhythmic signal 
(Doelling et al., 2022; Obleser & Kayser, 2019), pattern-based process
ing can be explained by the broader framework of predictive coding and 
predictive processing (Friston, 2005; Koelsch et al., 2019; Vuust et al., 
2022). According to the general predictive processing framework, the 
brain continuously tries to predict incoming sensory information based 
on past experience, and adjusts its predictions based on prediction error: 
the discrepancy between incoming information and the predictions 
made by the brain (Koelsch et al., 2019). Temporal expectations in 
rhythm in general have been explained within this framework (Vuust & 
Witek, 2014). To model rhythmic pattern processing in particular, 
fitting within a predictive processing framework, several computational 
models have used a probabilistic approach (Cannon, 2021; Kaplan et al., 
2022; Milne et al., 2023; Sadakata et al., 2006; Sauvé & Pearce, 2019; 
Senn, 2023; van der Weij et al., 2017).

These models, while all using some probabilistic method for pre
dicting the timing of the next event, make different assumptions about 
the underlying cognitive processes involved in perceiving and producing 
rhythmic patterns. Several models require some other type of structure 
to be predefined, which is then used to predict rhythmic patterns. For 
example, models have used a predefined beat, meter, or other template 
to predict rhythmic patterns fitting such existing structure (Cannon, 
2021; Senn, 2023). While it is indeed likely that processing different 
structural aspects of rhythm (e.g., pattern, beat, meter) is related and 
interactive, such models have two disadvantages. First, it is unclear in 
these models how the listener arrives at the perceived beat or template 
that is used to predict the pattern, with some models using a limited set 
of manually configured templates, or templates derived from music 
corpora (Kaplan et al., 2022). Second, these models do not shed light on 

the processing of rhythmic patterns without a beat or metrical structure, 
while humans can perceive and reproduce such patterns (Cameron & 
Grahn, 2014; Schultz et al., 2013).

A possible advantage of models that derive rhythmic patterns from a 
predefined meter (Senn, 2023) or cyclical template (Cannon, 2021; 
Cannon & Kaplan, 2024) is that such models represent rhythmic patterns 
as a (hierarchical) whole. Hence, timing is not computed linearly, on an 
event-by-event basis, but rather, can be represented as time since the 
onset of a pattern (Laje et al., 2011). Such a representation of rhythmic 
patterns allows for events to be skipped, with expectations carried for
ward to the next event. This account is supported by experiments in the 
visual domain, in which participants were able to use the temporal 
structure of a spatiotemporal pattern even when it was interspersed with 
distractor events (Boettcher et al., 2021). However, a hierarchical rep
resentation considering rhythmic patterns as a whole is not consistent 
with results from a behavioral experiment in the auditory domain, 
which found that ratings for goodness of fit for pattern-based rhythms 
reflected only one interval after the end of a rhythmic pattern whereas 
ratings for beat-based rhythms continued beyond this (Bouwer et al., 
2023). This finding suggests distinct mechanisms for beat-based and 
pattern-based processing of rhythm, the latter involving a linear, non- 
hierarchical representation, in which a rhythmic pattern is learnt as a 
succession of temporal intervals.

Several models have indeed simulated rhythmic pattern processing 
as a linear sequence learning process. In some of these models (Milne 
et al., 2023; Sauvé & Pearce, 2019), rhythmic patterns are represented 
as a sequence of absolute inter-onset intervals (IOIs). Probabilistic in
formation about absolute IOIs has been shown to contribute to behavior 
in the form of complexity ratings (Sauvé & Pearce, 2019) and tapping 
accuracy (Milne et al., 2023). Related to such models of IOI predict
ability is a model that represents rhythm in an absolute manner, but with 
less precision: as a succession of categorical “short” and “long” intervals 
(Ravignani et al., 2018). While it was suggested that this model is 
neurally plausible, empirical evidence is lacking.

A representation of rhythmic patterns based on absolute IOIs or in
tervals is difficult to reconcile with temporal scaling: the phenomenon 
that listeners perceive two rhythms as being the same, despite being 
played at different speeds (Hardy & Buonomano, 2016). To account for 
this, some models have represented rhythmic patterns as a succession of 
ratios between IOIs, a relative rather than absolute representation (Gold 
et al., 2019; Kaplan et al., 2022; Ravignani et al., 2018), and consistent 
with the notion that some neurons in the primate brain encode time 
relative to the mean rate of a sequence (Meirhaeghe et al., 2021). At an 
even more abstract level, human listeners may represent rhythmic pat
terns in a relative and imprecise manner as rhythmic contour, only 
indexing the direction of change of the interval length (e.g., “same”, 
“shorter”, or “longer”; (Schmuckler & Moranis, 2023)).

To summarize, several different probabilistic models have been used 
to examine rhythmic pattern processing, but modelling of rhythmic 
pattern processing has generally been conducted in the context of 
metrical structure (Cannon, 2021; Senn, 2023; van der Weij et al., 2017), 
other rhythmic features (Bulger et al., 2022; Dean et al., 2021; Milne 
et al., 2023), and other musical features, like pitch (Gold et al., 2019; 
Sauvé & Pearce, 2019), making it harder to understand rhythmic pattern 
processing in isolation. In addition, it is still unclear at which level of 
representation humans process rhythmic patterns, with different studies 
using different representations of rhythmic patterns, as a sequence of 
absolute intervals, ratios between intervals, or directions of change be
tween intervals (longer, shorter, same). On a final note, previous 
modelling research has simulated a large variety of tasks, ranging from 
explicit ratings of complexity (Sauvé & Pearce, 2019; Senn, 2023) to 
tapping along to sequences (Bulger et al., 2022; Dean et al., 2021; Milne 
et al., 2023), to unpaced reproduction of rhythmic patterns (Kaplan 
et al., 2022). Different task demands in perceptual and motor tasks may 
prioritize different cognitive processes in temporal cognition, further 
complicating comparison between studies (Shalev et al., 2019).

F.L. Bouwer et al.                                                                                                                                                                                                                               Cognition 268 (2026) 106345 

2 



Given the above, here, we examine at what level of representation 
humans process rhythmic patterns, using stimuli without metrical 
structure or pitch information, assessed across both perceptual and 
motor tasks. Motivated by modelling studies investigating human pitch 
processing (Pearce, 2018) and previous research investigating rhythmic 
patterns (Gold et al., 2019; Ravignani et al., 2018; Sauvé & Pearce, 
2019; Schmuckler & Moranis, 2023), we simulated processing of 
rhythmic patterns at three different levels of representation, with 
increasing degrees of abstraction: as sequences of absolute IOIs (akin to 
learning successions of absolute pitch, e.g., “this interval was 800 ms”, 
similar to Sauvé and Pearce (2019)), as sequences of relative ratios be
tween IOIs (akin to learning pitch intervals, e.g., “this interval was 
exactly twice as long as the previous interval”, similar to Gold et al. 
(2019) and Ravignani et al. (2018)), and as sequences denoting contour 
(direction of change) of successive intervals (akin to learning pitch 
contour, e.g., “this interval was longer than the previous interval”, 
similar to Schmuckler and Moranis (2023)). IOI here is a precise and 
absolute representation of the pattern, while ratio and contour are 
relative representations, with ratio being a more precise representation 
than contour. To prevent any bias in constructing the stimuli, we first 
generated a large space of all rhythmic patterns matching constraints on 
length, number of events and temporal resolution, regardless of tem
poral structure. Subsequently, we computed the predictability of all 
rhythmic patterns at each of the three levels of abstraction (IOI, ratio, 
contour) using a variable order Markov model, based on IDyOM, an 
information-theoretic model of auditory expectation (Pearce, 2005, 
2018). Using the modelled predictability, we selected a set of stimuli for 
the experiment that maximally differentiated between the three levels of 
abstraction.

We then examined behavioral responses to these stimuli in three 
tasks. First, participants completed an implicit target detection task, in 
which we measured their speeded response to infrequent softer sounds 
embedded in the rhythmic patterns (Bouwer et al., 2020). Second, 
participants gave complexity ratings for all patterns, in an explicit 
perception task (Sauvé & Pearce, 2019; Senn, 2023). Finally, all par
ticipants performed a tapping task, tapping along to the rhythmic pat
terns (Bulger et al., 2022). Based on previous research, we expected that 
the modelled predictability for IOI (Sauvé & Pearce, 2019) and ratio 
(Gold et al., 2019) would affect task performance, with better target 
detection, lower complexity ratings, and higher tapping accuracy for 
more predictable patterns. We also explored whether the reliance on a 
type of representation differed between tasks, whether modelling IOI in 
an imprecise manner, akin to contour, would improve the model pre
dictions, and, finally, whether the same model features used to predict 
performance for whole rhythmic patterns could also predict perfor
mance in real time, as the rhythm unfolds.

2. Materials and methods

2.1. Participants

45 participants (30 women), aged between 18 and 70 years (M = 24, 
SD = 9) completed the full experiment, one additional participant 
dropped out halfway through the session. None of the participants re
ported a history of neurological or hearing disorders. All participants 
provided written consent prior to the study and received either mone
tary reimbursement or study credit for their participation. The study was 
approved by the Ethics Review Board of the Faculty of Social and 
Behavioral Sciences of the University of Amsterdam. After exclusion of 5 
participants with inadequate responses (see section 2.5.3), the remain
ing 40 participants (13 male, 27 female) were on average 23.6 years old 
(SD = 8.9). On average, the participants scored 25.2 (SD = 12.5) on the 
Gold-MSI musical training subscale (Müllensiefen et al., 2014), ranging 
from 7 (the minimum score on the scale) to 49 (the maximum score on 
the scale). This is comparable to the norm scores.

In the absence of directly comparable studies providing effect sizes 

for a full power analysis, we looked at previous studies with similar 
designs to estimate our sample size. One study used a probabilistic 
model of pitch perception, combined with one rhythm feature, to predict 
musical preferences (Gold et al., 2019). While no effect sizes are re
ported, responses were predicted well by the model with data from 43 
participants, and 44 trials per participant. Another study used a proba
bilistic model including pitch and harmony features, along with one 
rhythm feature, to successfully predict behavioral data from 28 partic
ipants, with 48 trials each. Hence, with 40 participants, and 56 rhythmic 
sequences, we expect to have sufficient power to detect whether the 
model can be used to predict rhythmic behavior.

2.2. Stimuli

2.2.1. Creating a rhythm space
To create unbiased rhythms agnostic of metrical structure and pre

dictability, we first generated all possible rhythmic patterns within three 
constraints: 1) Rhythms were 4 s long, which allows for pattern repeti
tion without inducing a beat, as the repetition rate of 0.25 Hz is outside 
the range of human beat perception (London, 2012), and is short enough 
to allow (implicit) learning of the pattern (Schultz et al., 2013); 2) 
Rhythms consisted of 8 sound events, for an average event rate of 2 Hz, 
consistent with the average event rate of music (Ding et al., 2017), 
previous studies examining processing of rhythmic patterns (Cameron & 
Grahn, 2014; Chen et al., 2008; Grahn & Schuit, 2012), and preferred 
tapping rate for humans (Drake et al., 2000; Honing & Bouwer, 2019; 
London, 2012); 3) Inter-onset intervals (IOIs) were between 200 and 
800 ms, with a 50 ms spacing (so 200, 250, 300, 350 etc.). The lower 
limit was chosen to account for restrictions in how fast people can tap, 
which has a lower limit of 150–200 ms between taps (Repp, 2005). The 
upper limit of 800 ms was chosen to avoid very uneven rhythms in terms 
of event density. Within these three constraints (4 s patterns with 8 
events and IOIs between 200 and 800 ms), a total of 30,162,301 
rhythmic patterns could be generated. Since we repeated the rhythmic 
patterns in streams during the experiments, rhythmic patterns with the 
same sequence of intervals starting at a different position would be 
perceptually identical. Therefore, next, we pruned the large set by 
removing circularly identical rhythms. We always kept the pattern with 
the longest interval last, given a suggestion that these are perceived as 
most stable (Jacoby et al., 2021). This resulted in a set of 3,770,475 
rhythms. Subsequently, the final selection of stimuli used for the 
behavioral experiments was achieved using the modelled predictability 
of each rhythm.

2.2.2. Three levels of representation: IOI, ratio, and contour
As input for the probabilistic model, we used three representations of 

each rhythmic pattern (see Fig. 1A): IOI, Ratio, and Contour. For absolute 
inter-onset intervals (IOIs), there were 13 possible values. For ratios 
between successive IOIs, initially, the number of possible values was 
>90. Many rhythms contained ratios occurring exactly once, leading to 
most rhythms being at ceiling in terms of unpredictability as computed 
by the model. Also, many ratios were based on large integers (>10) but 
irreducible to smaller integer ratios (e.g., a ratio of 650/450 would be 
equivalent to a 13/9 ratio in integers; similarly, ratios of 16/15, 16/13, 
13/11 etc. occurred in the dataset), while perceptually, listeners prefer 
small integer-ratio rhythms (Jacoby et al., 2021; Jacoby & McDermott, 
2017), and may perceive large-integer ratios in rhythm as belonging to 
the nearest small integer-ratio category (Desain & Honing, 2003; Rav
ignani et al., 2018). Therefore, we rounded each ratio to the nearest 
small-integer ratio including integers 1 to 4 (e.g., 13/9 was rounded to 
3/2), leaving 11 possible ratio values.

The third and most abstract rhythmic representation, contour, is 
comparable to melodic contour (i.e., whether the pitch of a melody goes 
up or down or stays the same). In rhythm, contour denotes whether the 
duration of an interval is longer, shorter, or the same as the preceding 
interval, and contour therefore only takes one of three values 
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(Schmuckler & Moranis, 2023). However, similar to how we quantized 
raw ratios to account for perceptual categorization, we adjusted the 
contour representation to account for perceptual acuity. In duration 
discrimination tasks, single intervals are, on average, perceived as 
different if their lengths differ more than 20 to 25 % (Dalla Bella et al., 
2017). In sequences, the threshold for detecting length differences is 
around 10 % of a repeating interval (Dalla Bella et al., 2017). To account 
for this, here, we derived contour from quantized ratio. That is, any 
ratio < 1 was coded as “shorter” for contour, ratios >1 were coded as 
“longer”, and ratios of 1 as “equal”. Given how we computed the ratio 
representation, raw ratios between 0.875 and 1.167 were thus coded as 
equal for contour, akin to a difference in interval length of <12 % being 
assumed to be perceptually indetectable, in line with previous research 
(Dalla Bella et al., 2017).

2.2.3. Modelling predictability as a probabilistic process using a PPM model
We used a probabilistic model based on the IDyOM (Information 

Dynamics of Music) model, which uses the Prediction by Partial 
Matching (PPM) algorithm to generate probabilistic predictions (Pearce, 
2005, 2018). PPM is a statistical learning model that progresses through 
symbolic sequences (e.g., “ABACADABRA”), to generate, at each event, 
a predictive distribution of the most likely symbol to be encountered as 
the next event. PPM works with symbolic data, so each event will be of a 
given type that is drawn from a finite alphabet of possible symbols (e.g., 
a set of “A”, “B”, “C”, “D”, and “R”). The predictive distribution gener
ated by PPM is based on several n-gram models of different order (or 
context length, n) that are combined, where the n-gram represents a 
subset of adjacent symbols (e.g., “AB” is a 2-gram, and “CADA” is a 4- 
gram). For each n-gram model, the probability distribution of the next 
event is computed from all occurrences of the n-gram (e.g., after 
observing “ABACADABRA”, for an order-2 model upon encountering 
“AB” again, the probability of the next symbol being “A” is 0.5, the 
probability of the next symbol being “R” is also 0.5, and the probability 
of the other symbols 0). PPM combines different n-gram models to arrive 
at a single probability distribution at each event with all possible con
tinuations having a non-zero probability of occurrence. Combining 
models of different order allows the model to benefit from both the 
structural specificity of high-order models and the statistical robustness 
of low-order models. There are multiple ways of combining the different 
n-gram models into one distribution. Here, we used interpolated 
smoothing with escape method C, as in the original implementation of 
IDyOM (Pearce, 2005). Since we did not aim to examine enculturation, 
nor long-term learning, we did not include prior expectations in the 
model, rather, the model started afresh for each rhythmic sequence. The 
two information-theoretic properties used to quantify the predictability 
of the rhythms were information content (IC) and entropy (Shannon, 
1948). Information content is the negative logarithm, base 2, of the 
probability of the timing of a sound event, given the conditional 

probability distribution at that point in time. IC values thus reflect the 
unpredictability of an event, with higher values being associated with 
more surprising events. Entropy of the probability distribution at a given 
point in time reflects the uncertainty of the prediction prior to the event 
occurring.

2.2.4. Quantifying predictability of the rhythmic patterns
To quantify predictability of each rhythmic pattern, we computed IC 

and entropy using the PPM algorithm for each event in each rhythm and 
for each representation (i.e., IOI, ratio, and contour) separately (see 
Fig. 1). We used a model of order 4, that is, for each event, a probability 
distribution was calculated based on smoothing the distributions from 
models that considered n-grams of 1, 2, 3, 4 and 5 symbols. An order of 4 
was found to be appropriate for musical applications of PPM (Harrison 
et al., 2020), and it is known that people can learn temporal sequences of 
at least this length (Bouwer et al., 2020; Schultz et al., 2013).

We ran the PPM model on two repetitions of each rhythm (3,770,475 
in total) concatenated to itself, followed by a final event to demark the 
end of the second pattern (e.g., 17 events, to demark 16 temporal in
tervals). However, both the model and humans need about one cycle to 
detect the predictability of a rhythmic pattern. After two events, there 
will be only one interval, so the model will not yet be possible to 
compute a representation of the derived representations of ratio or 
contour. Only at event three will the first ratio or contour be defined by 
the model. But, at that point the prediction will be a uniform distribution 
since no learning has yet taken place. Also, behaviorally, listeners 
typically need around one cycle to start synchronizing to short rhythmic 
patterns (Jacoby et al., 2024). Hence, we discarded the IC and entropy 
values for the first iteration of each rhythm, and only used IC and en
tropy values for the second iteration (this entails values associated with 
events 10 to 17, as an interval is only apparent at the second event 
marking it). Given that the explicit rating task was based on responses to 
entire rhythms rather than individual events, we averaged the IC and 
entropy values for each rhythm, following previous research (Gold et al., 
2019; Sauvé & Pearce, 2019). Averaged values were used for both 
stimulus selection and the main analyses. As PPM is ideally suited to also 
simulate expectations in real time – on an event-by-event basis, we 
performed exploratory analyses examining real-time changes in pre
dictability (see below).

2.2.5. Stimulus selection
Fig. 2 shows the steps taken in selecting the stimuli for the experi

ment, as well as the average computed predictability for all rhythms on 
all features (IOI, ratio, contour) using IC as an information-theoretic 
measure of predictability. For completeness, Supplementary Fig. 1 
shows the same statistics for both IC and entropy. After removal of cir
cular duplicates, we first removed rhythms with large variation in pre
dictability values (e.g., IC values) between events. For example, a 

Fig. 1. Schematic overview of model features and behavioral tasks. A) Information content and entropy were computed for three features (viewpoints): Inter-onset 
interval (IOI), its derivative ratio, and as a further abstraction contour. Ratios were rounded to integer ratios based on integers 1 to 4. Contour was derived from ratio, 
with all ratios >1 having a contour value of “longer”, ratios equal to 1 having a contour value of “equal”, and ratios <1 having a contour value of “shorter”. B) 
Participants performed three behavioral tasks. In the implicit task, they were asked to detect infrequent softer targets in streams of rhythmic patterns, and both hit 
rates and reaction times were recorded. In the explicit task, after listening to a rhythmic pattern, participants indicated how complex they thought the pattern was. In 
the motor task, participants were asked to tap along to every tone in the pattern, starting after two repetitions of each pattern.
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rhythm may be largely very predictable, but with one deviation (e.g., 
IOIs of 450-450-450-450-450-450-450-850 would yield very low IC 
values for the first 7 events, and an extremely high IC value for the last 
event). For such a rhythm, the average IC and entropy values would in 
practice be meaningless, as the rhythm as a whole is not predictable or 
unpredictable, but rather, separate events are either very predictable or 
very unpredictable. Hence, we only considered rhythms with a standard 
deviation of IC values lower than the threshold of one standard devia
tion below the mean (of the distribution of standard deviations). This 
left 885 rhythms to consider (see Fig. 2, black dots), with a low standard 
deviation on all features. As is apparent from Fig. 2, the rhythms with 
the greatest unpredictability (e.g., the highest surprisal or IC values) 
were eliminated during this step of the stimulus selection.

Next, we selected rhythms for the experiment that had a maximally 
different modelled predictability for the three different features (see 
Fig. 2). We treated the modelled predictability as a six-dimensional 
space, with the position of each rhythm defined by six values (e.g., IC 
values for IOI, ratio, and contour, and entropy values for IOI, ratio and 
contour). All values were normalized between 0 and 1. We subsequently 
selected rhythms that had the smallest Euclidian distance to points in 
space that represented the extremes in terms of predictability (e.g., [0 
0 0 0 0 0] would represent the most predictable rhythm on all features, 
while [0 1 0 0 1 0] would be the point in space where a rhythm was 
unpredictable based on ratio, but not the other features). For simplicity, 

we harmonized the two information-theoretic measures by picking 
rhythms that were predictable or unpredictable based on both (e.g., we 
selected rhythms close to [0 1 0 0 1 0], but not [0 1 0 0 0 0]). Thus, in our 
final sample of rhythms, entropy and IC are highly correlated, as we did 
not aim to differentiate between these two measures of uncertainty and 
surprise. In total, we selected 56 rhythms (Fig. 2, white dots) closest to 
eight points in the space (7 per category), representing combinations of 
high and low predictability for all three features (i.e., the stimulus cat
egories were high/low predictability crossed with IOI/ratio/contour). 
Fig. 3 shows an example of one rhythm for each of the eight categories, 
with the modelled IC values in real time.

Note that some regions of the six-dimensional space were not 
inhabited (see Fig. 2). For example, it is difficult to find rhythms that are 
highly predictable in terms of their IOI, but unpredictable in terms of 
their contour. This is not surprising given that contour is derived from 
IOI. We did not adjust for this, and simply selected rhythms closest to the 
preferred point in the space. For some categories of rhythms, like those 
that are highly unpredictable on all features, this meant that the selected 
rhythms were close to the ideal point in space, while for others, like the 
aforementioned rhythms with unpredictable contour but predictable 
IOI, rhythms were further removed from the ideal point in space. As we 
are not using a factorial design but the actual predictability values in a 
mixed-effects regression model, we do not regard this as problematic. All 
included rhythms can be found in Supplementary Table 1.

Fig. 2. Computed information content for all features and all rhythms and schematic depiction of the selection process. The information content for the full set of 
rhythms is shown in purple shades. Information content is averaged over all 8 events in each rhythmic pattern (using the second iteration, see text). Note that the 
coloring is on a logscale. From the full set of rhythms (~30 million), we first removed circular duplicates. From the remaining rhythms (~3.7 million), only rhythms 
with limited variability were considered for the experiment. These rhythms (N = 885) are shown as black dots. For all these rhythms the standard deviation of the IC 
and entropy values across the 8 events was below a threshold of one SD below the mean of the whole rhythm set. Finally, a set of 56 rhythms was selected for the 
experiment to maximally differentiate between the three features of interest. These rhythms are depicted as white dots. For all three sets (full set, low SD set, selected 
set), the Spearman rank correlations between the different features are given in the upper half of the figure. Distributions for IC values on the diagonal are for the full 
set of rhythms; the selected rhythms for the experiment are overlaid as vertical black lines to indicate where in the distribution they fall. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 3. Examples of rhythms selected for the experiment. Rhythms were selected to conform as much as possible to the eight categories derived from crossing 
high/low predictability with IOI/ratio/contour. Due to the features being related to each other, the high and low points are relative, but not absolute (see under 
Stimulus selection). Left: modelled IC for a full 6 iterations of the rhythms. Right: only the 3rd iteration, equivalent to the greyed area on the left.
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2.2.6. Sounded rhythmic patterns
For all tasks, rhythms were concatenated into streams of multiple 

repetitions of the same four-second pattern. Sounds were 440 Hz sine 
tones, with 5 ms rise and fall time. Each stream ended with a final tone to 
demark the final interval.

2.3. Tasks

2.3.1. Implicit perception
To measure the implicit perception of rhythmic structure, we used a 

deviant detection task, as has previously been used both in behavioral 
(Bouwer et al., 2020; Bouwer & Honing, 2015) and EEG research 
(Bouwer et al., 2016; Bouwer et al., 2020; Bouwer et al., 2024; Geiser 
et al., 2009; Vuust et al., 2009). Participants were presented with a 
stream of 10 concatenated repeating rhythmic patterns, and were asked 
to detect occasional softer tones, which were softer than the standard 
sounds by 6 dB. The assumption here is that if participants can predict 
sound timing, they should detect the deviants faster and better, as was 
found previously (Bouwer et al., 2020). For each rhythm, each event was 
presented as a deviant once, amounting to 8 deviants per rhythm. The 
placement of the deviants was randomized, with two constraints. First, 
deviants could only occur between the fourth event in iteration 2 and the 
fourth event in iteration 9, to make sure that a deviant could only occur 
after the participant had already encountered the whole rhythmic 
pattern once. Second, to allow participants to make responses, deviants 
occurred with a minimum of 3 standard tones and a minimum of 2500 
ms in between. Additional deviants were added to the beginning of all 
sequences (e.g., somewhere in the first iteration), to avoid expectations 
for a deviant building up towards the beginning of the second iteration, 
and to the end of half the sequences (iteration 10), to avoid expectations 
for the number of targets. Responses for these deviants were discarded, 
leaving one target for each event in each rhythm. Each rhythm was 
presented once, for a total of 56 trials. Rhythms appeared in random 
order, in blocks of 8 trials, with a one second inter-trial interval and 
longer breaks in between blocks. Participants responded by pressing the 
space bar as fast as possible upon hearing a target.

2.3.2. Explicit perception
In the explicit perception task, participants listened to a stream of 4 

concatenated rhythmic patterns. After being presented with the rhythm, 
they were asked to answer three questions, which appeared on the 
screen in random order: “How complex do you think this rhythm was?”, 
“How much did this rhythm make you want to move?”, and “How much 
did you like listening to this rhythm”. The latter two questions were for 
exploratory analyses into groove and liking (Witek et al., 2014) that are 
not reported here. For the purposes of the current study, we focus on the 
question about complexity, similar to previous research using IDyOM as 
a model to link predictability to complexity (Sauvé & Pearce, 2019). 
Participants answered the questions on a 7-point Likert scale, which for 
the complexity measure ranged from “extremely simple” to “extremely 
complex”. As for the implicit task, the rhythms were all presented 
exactly once, in 7 blocks of 8 trials.

2.3.3. Motor task
In addition to the two perceptual tasks, participants completed a 

motor tapping task. Here, they were presented with streams of 6 repe
titions of each rhythm. After 2 repetitions, the word “TAP” appeared in 
the screen, indicating that we expected them to start tapping along to the 
rhythmic pattern. If they felt comfortable at an earlier time, they were 
allowed to start tapping earlier. Participants were specifically instructed 
to tap the rhythmic pattern itself, and not the beat. Moreover, we 
instructed them to try and follow the pattern as closely as possible, so if 
the pattern was slightly irregular, their tapping should follow suit. As for 
the perceptual tasks, each rhythm was presented exactly once, in 7 
blocks of 8 trials.

2.4. Procedure

After providing informed consent, participants first proceeded with 
the implicit task, to avoid participants taking their experiences from the 
other tasks into the implicit measure. The order of the subsequent 
explicit and motor tasks was randomized over participants. For each 
task, participants were given a few practice trials to familiarize them 
with the procedure. After finishing all tasks, participants were asked to 
fill out the musical training subscale from the Gold-MSI (Müllensiefen 
et al., 2014), to assess their musical expertise. Participants were allowed 
breaks between tasks. An entire experimental session lasted for about 2 
h.

Participants were tested individually in a dedicated lab at the Uni
versity of Amsterdam. Sounds were presented at a comfortable hearing 
level with headphones, using custom scripts in Psychopy (Peirce et al., 
2019). For the tapping task, we used the setup as described in Experi
ment 2 in Anglada-tort et al. (2021), with a microphone on the table 
connected to one input channel of a Solid State Logic SSL 2 USB 
soundcard, one output channel looped back into a second input channel, 
and one output channel connected to headphones for the participants. 
Thus, we recorded simultaneously the taps and the sound into one audio 
file for further analysis, for extremely precise temporal resolution.

2.5. Data preprocessing

2.5.1. Implicit task
For the implicit task, any response within 150 to 1500 ms after a 

target tone was considered a hit. For the initial mixed-effects model, two 
dependent variables, reaction times and hit rates were averaged across 
events in each rhythm. Note that first, for hit rates, the possible values 
for average hit rates were limited to integers divided by 8 – the number 
of targets (e.g., 0, 0.125, 0.25 etc.). Second, participants may have failed 
to respond to events with high unpredictability, biasing reaction time 
data for predictable events. This may have diminished the overall power 
of the reaction time analysis by eliminating data selectively for highly 
unpredictable events, making the data more homogeneous. To address 
this issue, we examined the responses in real time, taking the unpre
dictability of each single event into account (see below).

2.5.2. Motor task
To extract taps from the audio signal obtained from the motor task, 

we searched the audio signal for amplitude peaks. Participants varied in 
the strength of their tapping, with large differences in SNR of the tapping 
to the background noise not only between, but also within participants, 
sometimes even within a trial. To account for this, we used a peak 
detection algorithm with a dynamically adjusted threshold. The 
threshold was adjusted to arrive at exactly 24 taps over the last 3 iter
ations of the rhythm. If no threshold could be found that yielded 24 taps, 
the trial was considered incorrect, yielding a per rhythm score for tap
ping correctness. We then assigned each tap to the corresponding sound 
and computed the asynchrony in ms (e.g., the time between the tap and 
the sound).

From the raw asynchronies, we computed our main dependent var
iable of interest: the tapping variability, which was quantified as the 
standard deviation of all 24 asynchronies in one trial. This measure 
accommodates systematically consistent early (or late) tapping by a 
participant, since the standard deviation of asynchronies in a pattern 
that is perfectly replicated, but consistently tapped early (or late) would 
be (close to) 0, while a pattern that is reproduced with an average 
asynchrony of 0, but inconsistently, with some taps preceding and some 
taps following the sounds, would have a higher standard deviation of 
asynchronies. Note that this measure of tapping asynchronies did not 
account for differences in absolute IOI, which according to the Weber 
fraction, should lead to deviations from the tapped interval that are 
proportional to the absolute IOI (e.g., for a 200 ms interval, a deviation 
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in tapping of 50 ms would be equivalent to a deviation of 200 ms from an 
800 ms interval). We chose to use a measure based on raw asynchronies 
– not fractions, as an analysis of the tapped intervals showed that the 
Weber fraction did not hold in our data (see Supplementary Fig. 2).

On some trials, subjects did tap 24 times but added extra taps to one 
part of the trial while omitting taps in another part of the trial (e.g., the 
correct number of taps, but not correctly assigned to the tones). To ac
count for these trials, we classified trials with >2 taps with an asyn
chrony in the 95th percentile or higher, or with a tapping variability that 
exceeded the 90th percentile as incorrect. We checked the outcomes of 
these procedures visually and corrected a few trials in which partici
pants exhibited a very large negative asynchrony, but tapped the pattern 
correctly (e.g., given a very high raw asynchrony, these trials were 
initially classified as incorrect, but given that the pattern was tapped 
correctly – albeit early – these trials were subsequently manually cor
rected to be included in the analysis).

For the analysis in real time (see below), we computed tapping de
viation as the deviation in ms from the intended interval. Hence, tapping 
deviation was computed by taking the absolute difference between the 
tapped interval (e.g., the time of the current tap minus the time of the 
previous tap) and the intended interval (e.g., the IOI preceding the 
current tap). Like for tapping variability, this measure accounted for 
participants having a stable large asynchrony (i.e., a consistent phase 
offset), whilst tapping the pattern correctly, as the interval instead of the 
raw asynchrony was used.

2.5.3. Participant exclusion
We excluded participants based on three heuristics: First, partici

pants (N = 3) with a hit rate in the implicit task of <50 % were excluded. 
Second, we excluded participants (N = 2) with on average > 3 false 
alarms on each trial in the implicit task. Finally, we excluded partici
pants (N = 3) with <50 % correctly tapped trials. As some participants 
were excluded based on multiple measures, the total number of excluded 
participants was 5, leaving 40 complete datasets for the analysis.

2.6. Statistical analyses

2.6.1. Main mixed-effect regression analyses
For all three tasks we modelled the average responses for each 

rhythm using mixed-effects models, with the dependent variables reac
tion time, hit rate (implicit task), complexity rating (explicit task), tapping 
correctness and tapping variability (motor task). For each model, we 
included three independent variables of interest: IC based on IOI, Ratio, 
and Contour. We report all the models based on the IC values, as these 
are a direct index of predictability. In addition, we included a fixed 
factor Evenness, computed as the standard deviation of the IOIs in each 
rhythm. At the level of the whole rhythm, Evenness is an index of the 
variability of the rhythm, and directly related to how much intervals 
deviate from the mean of 500 ms. The deviation from the mean interval 
has previously been used to model human rhythmic behavior in a 
probabilistic way, but at the level of single intervals (Doelling et al., 
2023), as opposed to at the level of patterns, as in the current work. We 
included Evenness in our models to account for such single interval 
predictions, and compared the full models, including the IC predictors, 
to a baseline model with only Evenness, to test whether our sequence 
learning predictors explained additional variance in behavior. Models 
additionally included random intercepts for each participant. Random 
slopes were omitted, as random slope models yielded singular fits. All 
models were run in R (R Development Core Team, 2008). Table 1 shows 
the correlations between all fixed factors in the models (note that here, 
as the models were linear models, we used Pearson correlations, while 
Fig. 3, accounting for the non-normality of the data, shows Spearman 
correlations). To check whether the correlations posed a problem for the 
mixed-effects models, we computed the variance inflation factors (VIFs), 
using the check_collinearity() function from the performance (Lüdecke 
et al., 2021) and easystats (Lüdecke et al., 2022) packages. For all 

variables, the VIFs were < 2 indicating no issues with collinearity for the 
mixed-effects models.

To account for the nature of the responses, we used different types of 
models for each task and response type. For reaction times and tapping 
variability, we used a mixed linear model, as per the lmer() function in 
the lme4 package (Bates et al., 2015). For complexity ratings, as these 
were on a Likert scale, we used an ordinal mixed model as per the clmm() 
function in the ordinal package (Christensen, 2019). Finally, for the hit 
rates and tapping correctness, we used a generalized linear mixed model 
with a binomial link as per the glmm() function from the lme4 package. 
Statistical significance of the factors in the models was assessed using 
the Anova() and Anova.clmm() functions from the car (Fox & Weisberg, 
2019) and RVAideMemoire (Hervé, 2018) packages respectively. All 
models were compared to the baseline models using likelihood ratio 
tests as per the inbuilt R function anova().

2.6.2. Control mixed-effects regression analyses
To test the robustness of our results, we ran three control analyses. 

First, we ran all models again using entropy values as predictors. 
Because of our stimulus selection method, IC and entropy values were 
highly related in our stimuli (see Supplementary Fig. 1). Thus, we did 
not include both information theoretic measures (e.g., IC and entropy) 
into each model, but we did check whether the results would remain the 
same when using entropy instead of IC values as predictors. Second, as 
we were interested in rhythmic patterns, but not necessarily metrical 
structure, we completely disregard metricality of the patterns 
throughout this paper. However, especially the easiest patterns (e.g., the 
isochronous pattern and patterns with repeating alternating intervals, 
patterns 1–7 in Supplementary Table 1) could be interpreted in a 
metrical framework. To check that our results were not driven by the 
highly predictable, but also possibly metrical, patterns, we repeated the 
analyses while removing the patterns that were selected based on having 
lowest unpredictability on all features (e.g., low IC values on IOI, ratio, 
as well as contour). Finally, as can be seen in Fig. 2, the 56 patterns 
selected for the experiment did not cover the whole space of possible 
values for each feature of interest (i.e., the distribution of IC values is 
somewhat bimodal for all features). To account for the fact that this may 
hamper the linear interpretation of the models, we repeated the analyses 
using a dummy coding for each fixed factor, with two categories: high 
and low IC. For all features, we used a value of 0.4 as a cutoff between 
the categories, as this fell between the peaks of the bimodal distributions 
(see Fig. 2). All models and results from the control analyses are reported 
in the Supplementary Information.

2.6.3. Comparison across tasks
We also aimed to test whether for different task demands, listeners 

rely on different features, which requires comparing the effects of the 
three predictors across the different behavioral tasks. Due to the nature 
of the responses, the coefficients from the separate models cannot be 
directly compared, as they are either beta weights, for the linear mixed 
models, or log odds ratios, for the ordinal and logistic models. To be able 
to compare the tasks directly, we therefore normalized the continuous 
data for the explicit task (complexity ratings), for the implicit task (RTs) 
and for the tapping task (tapping variability). Subsequently, we ran a 
linear mixed-effects model including these data, with the modelled IC 
values for IOI, Ratio, and Contour as fixed factors, as well as a factor Task 

Table 1 
Correlations between fixed factors in the main linear mixed models, using the 
mean modelled IC values for each rhythm as a proxy for predictability.

IOI Ratio Contour

Ratio 0.488
Contour 0.090 0.311
Evenness − 0.161 0.232 0.020

Note: Pearson’s r is shown.
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(explicit, implicit, or tapping) and the interactions between Task and the 
other three fixed factors. In addition, we included a random intercept for 
participant and a fixed factor Evenness. As for the main regression ana
lyses, we used the lmer() function in the lme4 package (Bates et al., 2015) 
combined with the Anova() function from the car package (Fox & 
Weisberg, 2019). Significant interactions were pursued using the 
emtrend() function to compare slopes from the emmeans package (Lenth, 
2019).

2.6.4. Categorizing IOI values
We based the IOI feature on the absolute IOIs, as was done in pre

vious research (Sauvé & Pearce, 2019). Given that we constrained the 
rhythm space to use only 11 possible IOIs, this automatically yielded a 
somewhat discontinuous, categorical space of IOIs. This approach is 
compatible with the idea that humans perceive temporal intervals in a 
categorical way (Ravignani et al., 2018). While we based the stimulus 
selection on all 11 IOI values for the main analyses, which replicates 
previous research, we also explored whether IOI, like ratio, may be 
represented in a more imprecise way. Therefore, we compared the main 
regression model (see 2.6.1, with IOI based on 11 categories of possible 
intervals) with a model in which the IOI feature was computed based on 
only 5 categories of intervals. Given that no previous research to our 
knowledge has tested how listeners perceptually categorize IOIs in 
rhythmic patterns, we simply divided IOIs in 5 categories based on the 
categories having roughly equal numbers of IOIs, and the distribution of 
the IOIs retaining its original shape. Hence, IOIs of 200 and 250 ms were 
recoded as “short”, IOIs of 300, 350, and 400 ms were recoded as 
“medium short”, 450, 500, and 550 ms as “medium”, 600, 650, and 700 
ms as “medium long” and 750 and 800 ms as “long” (see Supplementary 
Fig. 2). The original model (i.e., with predictability based on raw IOI 
values) was compared to the imprecise model (i.e., with predictability 
based on 5 categories of IOI values) using AIC, given the non-nested 
nature of these models. We used the heuristic that two models with an 
AIC difference < 2 are considered equivalent (Burnham & Anderson, 
2004). VIF values as computed using the performance package (see 2.6.1) 
showed no collinearity issues (all VIFs <1.6).

2.6.5. Exploring predictability in real time
To assess whether the predictors were not just useful to characterize 

an entire rhythm as predictable or unpredictable, but also carried 
meaningful information in real time, we conducted additional explor
atory analyses modelling responses as the rhythm unfolds. For these 
analyses, we included the dependent variables that were collected on an 
event-by-event basis: hits (either hit or miss for each target), reaction 
times to each correctly identified target, and tapping deviation from the 
intended interval. For tapping data, all taps starting with the second tap 
of iteration 3 of the rhythm were included, provided the trial was 
deemed a correctly tapped trial (see section 2.5.2). As the main fixed 
factors of interest in these analyses, we used the three predictors from 
the PPM model: IOI, Ratio, and Contour.

To account for memory constraints and the fact that humans do not 
always act like ideal observers when learning sequences (Bianco et al., 
2020; Harrison et al., 2020), for each predictor, values in real time were 
recomputed using the PPM-decay package in R, using interpolated 
smoothing and escape method A, as implemented in the package 
(Harrison et al., 2020). Using the PPM-decay package, we included a decay 
parameter in the model that decreased the weighting of the learned n- 
grams as a function of time elapsed since the observation of that n-gram. 
Previous research has found that for melody, humans typically take into 
account 5–10 previous events in making predictions about the next event 
(Kern et al., 2022), and it has been suggested that time intervals are 
represented as discrete items in working memory (Fan & Yotsumoto, 
2018). Hence, we included decay kernels with a half-life parameter of 
between 1 and 10 events, to search for the best fitting model.

We included three additional fixed factors in the event-by-event 
mixed-effect models to account for low-level acoustic processing. First, 

we included the absolute IOI of the interval preceding the response 
(Previous IOI). This accounted for differences in responses based on the 
length of the interval (i.e., though the Weber fraction did not hold, see 
Supplementary Fig. 2, we did observe differences in responses based on 
absolute IOI), for example due to masking of the subsequent stimulus, or 
motor constraints. Second, we included a fixed factor coding for the 
deviation from the average IOI (Deviation from mean IOI, e.g., an interval 
of 200 ms was a deviation of 300 ms from the average IOI, and an in
terval of 800 ms had the same deviation). This accounted for the effects 
of learning the average interval, similar to the Evenness parameter used 
at the level of a whole rhythm and related to an existing Bayesian model 
of processing of quasi-isochronous sequences (Doelling et al., 2023). 
Finally, we added a fixed factor for the order of appearance of the sound, 
as we expected that participants may get progressively better at tapping, 
and possibly worse at deviant detection, due to lapses in attention, 
throughout the trial (Sound number).

All fixed factors (IOI, Ratio, Contour, Previous IOI, Deviation from mean 
IOI, Sound number) were scaled to have a minimum of 0 and a maximum 
of 1. As for the models of whole rhythms, random slopes were omitted, 
as some of the models yielded a singular fit with random slopes added. 
Models included random intercepts for participant as well as random 
intercepts for each rhythm, accounting for variation in difficulty for each 
rhythm not accounted for by the PPM model. Models including the 
predictors of interest with varying decay parameters (10 models in total) 
were compared to a baseline model with only the three low-level pre
dictors (Previous IOI, Deviation from mean IOI, Sound number) and to each 
other, to assess the best fitting decay parameter.

Finally, we compared the models with real-time predictors as well as 
the baseline model to models with predictors indexing rhythmic pre
dictability at the level of the whole rhythm. For these models, the mean 
values for each rhythm as computed for the main regression analyses 
(see section 2.6.1), representing the average, overall predictability of 
each rhythm, were assigned to all events in each rhythm. Thus, 
computationally, these models were identical to the main regression 
analyses at the rhythm level, but ran at the level of single events, which 
allowed for the inclusion of the single event acoustic control predictors, 
and for direct comparison with the models run in real time. Hence, this 
allowed for assessing whether the rhythmic predictability did not just 
affect the overall performance, but also performance fluctuations within 
a rhythm, in real time.

To summarize, for each dependent variable (hits, reaction times, 
tapping deviations), we compared a total of 12 models: a baseline model 
with only low-level predictors, a model with the average rhythmic 
predictability as quantified by the mean IC values for IOI, Ratio, and 
Contour across events, and 10 models with varying levels of decay and 
predictability values for IOI, Ratio, and Contour in real time. Given the 
non-nested nature of these models, we compared models using AIC, 
using the heuristic that two models with an AIC difference < 2 are 
considered equivalent (Burnham & Anderson, 2004). All model com
parisons, as well as collinearity checks, were performed using the per
formance (Lüdecke et al., 2021) and easystats (Lüdecke et al., 2022) 
packages. For reference, Table 2 shows the correlations between the 

Table 2 
Correlations between fixed factors in the exploratory linear mixed models, using 
modelled IC values for each sound separately as a proxy for predictability.

IOI Ratio Contour Previous 
IOI

Deviation from 
mean IOI

Ratio 0.530
Contour 0.155 0.321
Previous IOI 0.035 0.054 − 0.054
Deviation from 

mean IOI
0.026 0.225 0.157 0.027

Sound number − 0.010 0.000 − 0.011 − 0.063 − 0.068

Note: Pearson’s r is shown. Data from the model with a decay parameter with a 
half life of 2 intervals is shown.
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fixed factors for the model with a decay kernel with a half-life parameter 
of two intervals. For all models used in the comparisons, VIF was below 
4.3, showing no issues with collinearity. Fig. 3 shows modelled IC values 
for a selection of the rhythms used, both without decay, and with a 
decay kernel with a half-life parameter of two intervals.

3. Results

3.1. Rhythmic predictability affects behavior across tasks

The relationship between all dependent variables and the features of 
interest included in the models can be seen in Fig. 4 (for the same graph 
depicting the relationship between modelled entropy and performance, 
see Supplementary Fig. 3; for graphs depicting the raw data, see Sup
plementary Figs. 4 and 5). Generally, greater predictability (i.e., lower 
IC values) is associated with better performance across all tasks (i.e., 
higher hit rate, lower RT, lower complexity rating, higher number of 

correctly tapped trials, lower tapping variability). To understand the 
contribution of each separate feature to task performance, regression 
analyses are reported including all three features as fixed factors, and a 
factor Evenness to account for low-level rhythmic variation and single 
interval predictions (see section 2.6.1).

For all five dependent variables, the addition of the rhythmic fea
tures (IOI, Ratio, and Contour) significantly improved the model fit 
compared to the baseline model with only an Evenness feature (all χ2s >
23.2, all ps < 0.001). Table 3 shows the results from all main regression 
analyses, and Fig. 5 shows a summary of the coefficients found in each 
model for each of the fixed factors. As can be seen in both the table and 
the figure, the Contour feature significantly affected responses across all 
three tasks, with significant effects for hit rates, complexity ratings, 
correctly tapped trials, and tapping variability (all ps < 0.001). Only for 
reaction times, the effect of Contour did not reach significance (p =
0.145). Similarly, Ratio significantly affected reaction times, complexity 
ratings, correctly tapped trials, and tapping variability (all ps < 0.008), 

Fig. 4. Higher modelled predictability is associated with better performance across all tasks. The relationship between all five dependent variables and the three 
features of interest (IOI, Ratio, and Contour) is shown. Here, Information Content is used as an index of modelled predictability. Data are averaged for each rhythm 
over participants to account for between-subject variability for visibility purposes. Each dot in these graphs thus represents the average response for one rhythm. The 
data for the entropy predictors, as well as the raw data, can be found in the Supplementary Information. Note that in these graphs, the raw data are shown, not the 
fitted values of the statistical analyses (i.e., the linear mixed models). Hence, the graphs are not corrected for the collinearity between the three predictors.
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but not hit rates (p = 0.846). Results for IOI were somewhat more var
iable: while IOI clearly affected complexity ratings and tapping vari
ability (both ps < 0.001), the effect on hit rates (p = 0.039) was less 
strong, and the effects on reaction times and correctly tapped trials were 
nonsignificant (both ps > 0.35). Evenness affected all dependent vari
ables, except for the correctly tapped trials (all ps < 0.001; correctly 
tapped trials p = 0.997). In summary, the modelled predictability for all 
three features predicted behavior across all three tasks to some extent, 
with the largest effects for Contour, followed by Ratio, then IOI.

3.2. Control regression analyses confirm the main analyses

We tested whether our results were robust by running three addi
tional analyses, based on (1) entropy as a predictability measure, (2) 
avoiding potential metricality by removing the most predictable pat
terns, and (3) a categorical treatment of the fixed factors (see section 
2.6.2). The results from the analyses using entropy instead of IC values 
as fixed factors can be found in Supplementary Table 2. The results from 
the analysis without the easiest, and possibly metrical, rhythms can be 
found in Supplementary Table 3. The results from the analyses with 
dummy coded fixed factors (e.g., categorical, with either high or low 
predictability) can be found in Supplementary Table 4. The results, 
while numerically necessarily somewhat less strong for the latter two 
analyses (because these are based on less data), do not change in these 
control analyses: for all three tasks, the Ratio and Contour features exert 
the largest effects on responses, while the IOI feature has only weak and 
more variable effects. Hence, we directly replicate our main analyses 
using entropy instead of IC, using only a subset of rhythms, and using a 
different model setup, highlighting the robustness of the results.

Results from the mixed-effects models. The type of models that were 
run are different depending on the nature of the dependent variable, 
with hit rate and correctly tapped trials modelled with a binomial link 
model, complexity rating modelled with an ordinal mixed model, and 
reaction times, tapping variability and relative pattern deviation 
modelled with a normal linear mixed model. Because of the differences 
in nature between the models and the dependent variables, the co
efficients from the models cannot be directly compared, as these are beta 
weight in the case of the linear mixed models, and log odds ratios in the 
case of the logistic and ordinal models. LR = Likelihood Ratio. *p < 0.05, 
**p < 0.01.

3.3. Larger effects of predictability in the explicit than in the implicit and 
motor tasks

To directly compare the effects of the different predictors across 
tasks, we ran a mixed-effects regression with all continuous task out
comes combined (see section 2.6.3). In line with the results of the 
separate regression analyses, the analysis across different tasks yielded 
main effects of all predictors (IOI, Ratio, Contour, Evenness, and Task, 
with all ps < 0.001). More importantly, we found interactions between 
Task and Ratio (χ2 = 20.6, p < 0.001), between Task and Contour (χ2 =

83.9, p < 0.001), and between Task and Evenness (χ2 = 33.5, p < 0.001), 
though the interaction between Task and IOI did not reach significance 
(χ2 = 2.78, p = 0.25). The follow-up analysis of the simple slopes showed 
that the effect of Ratio was larger in the explicit task (estimated trend 
0.406) than in the implicit task (estimated trend 0.133, test of the dif
ference in slopes p < 0.001) and the tapping task (estimated trend 0.130, 
test of the difference in slopes p < 0.001). Similarly, the estimated trend 
for Contour was larger in the explicit task (0.870) than in the implicit 
(0.090) and tapping (0.257) tasks (both ps < 0.001), and the estimated 
trend for Evenness was larger in the explicit task (0.165) than in the 
implicit (0.070) and tapping (0.019) tasks (both ps < 0.001). The dif
ference between the implicit and tapping tasks did not reach significance 
for any of the features (all ps > 0.122). In summary, these results suggest 
that participants were more affected by the predictability of the rhythm 
in the explicit task than in the implicit and motor tasks.

3.4. IOI representations are imprecise

To explore whether IOIs may be represented in a less precise manner 
(Ravignani et al., 2018) than assumed previously (Sauvé & Pearce, 
2019), we compared the main regression models with models in which 
IOI predictability was based on only 5 categories of IOIs (e.g., ranging 
from “short” to “long”). For reaction times and correctly tapped trials, 
there was no difference between the models (in both cases, the differ
ence in AIC was <1.84). For hit rates, the main regression model per
formed better, but the difference was small (ΔAIC = 3.1) and the IOI 
predictor did not reach significance in the more imprecise model (χ2 =

1.143, p = 0.285). However, both for the explicit task and the tapping 
variability, the imprecise model performed markedly better than the 
original model (explicit task: ΔAIC = 134.1; tapping variability: ΔAIC =
102.3). In both models, all predictors affected behavior significantly, 
and the effects of the imprecise IOI feature were markedly larger than in 
the original model with predictability based on raw IOI values, though 
still smaller than the coefficients for Contour. Table 4 shows the out
comes of the imprecise models for IOI.

Results from the mixed-effects models using imprecise representa
tions for IOI, with 5 categories of interval lengths. Only the models for 
the explicit task and the tapping task are shown, as these models out
performed the original regression models as reported in Table 3. Because 
of the differences in nature between the models and the dependent 
variables, the coefficients from the models cannot be directly compared, 
as these are beta weight in the case of the linear mixed models, and log 
odds ratios in the case of the logistic and ordinal models. LR = Likeli
hood Ratio. *p < 0.05, **p < 0.01.

3.5. Predictability in real time predicts tapping better than average 
predictability

Finally, we aimed to assess whether information content explains 
perception at the level of single events, rather than simply indexing the 
overall predictability of entire rhythms. Thus, we compared models with 
event-level predictors (i.e., real-time modelling of predictability) with 
models using rhythm-level predictors (i.e., using the same average 

Table 3 
Modelled information content for Ratio and Contour but not IOI significantly 
affects both rhythm perception and production.

Task Variable Feature Fixed effect 
coefficient

LR p

Implicit

Hit rate

IOI − 0.140 4.242 0.039 *
Ratio − 0.012 0.038 0.846
Contour − 0.313 18.027 <0.001 **
Evenness − 0.292 168.817 <0.001 **

Reaction 
time

IOI 4.872 0.845 0.358
Ratio 13.462 7.493 0.006 **
Contour 9.171 2.119 0.145
Evenness 7.044 15.612 <0.001 **

Explicit
Complexity 
rating

IOI 0.398 10.208 0.001 **
Ratio 0.817 50.623 <0.001 **
Contour 2.115 188.002 <0.001 **
Evenness 0.403 86.277 <0.001 **

Tapping

Correct trials

IOI − 0.003 <0.001 0.989
Ratio − 0.531 6.961 0.008 **
Contour − 1.748 72.513 <0.001 **
Evenness <0.001 <0.001 0.997

Tapping 
variability

IOI 13.179 90.209 <0.001 **
Ratio 12.614 95.165 <0.001 **
Contour 26.253 180.251 <0.001 **
Evenness 2.105 20.614 <0.001 **
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Fig. 5. Contour and Ratio exert the biggest effects on rhythmic behavior across all tasks. The graph depicts the fixed effect coefficients for the reaction time 
and tapping variability models, and the odds ratios for the hit rate, complexity rating, and tapping correctness models. Values for hit rates and correctly tapped trials 
were inverted, so for every task, a positive value indicates an effect in the expected direction (better performance for more predictable rhythm). Across all three tasks, 
the coefficients were largest for the Contour and Ratio features, and smaller and more variable for IOI. Note that the Odds Ratios and Fixed Effect Coefficients cannot 
be directly compared; they are depicted in this graph together for purposes of illustration. For a direct comparison between tasks, see under Differences across tasks. *p 
< 0.05; **p < 0.01; ***p < 0.001.

Table 4 
Information content for IOI yields larger effects on rhythm perception and production with imprecise representations.

Task Variable Feature Fixed effect coefficient LR p

Explicit Complexity rating

IOI (5 categories) 1.646 144.295 0.001 **
Ratio 0.337 13.081 <0.001 **
Contour 2.085 157.679 <0.001 **
Evenness − 0.418 101.618 <0.001 **

Tapping Tapping variability

IOI (5 categories) 21.058 200.325 <0.001 **
Ratio 9.174 78.06 <0.001 **
Contour 23.052 127.655 <0.001 **
Evenness − 1.203 7.981 0.005 **
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predictability values as in the main analyses, but run at the level of 
single events, see section 2.6.4). For the implicit task, none of the real- 
time models outperformed the rhythm-level model, while the rhythm- 
level model did outperform the baseline model (i.e., only acoustic pa
rameters, see Supplementary Table 5). Table 5 shows the rhythm-level 
models for the implicit task. Reaction times were longer and miss 
rates higher for higher modelled Ratio and Contour IC respectively (e.g., 
worse performance for more unpredictable rhythms). Not surprisingly, 
given that they are based on the same predictability values, these results 
corroborate the main analysis (Table 3).

For tapping, the best performing model, shown in Table 5, was the 
event-level model with a decay half-life parameter of 2 events. This 
model outperformed the rhythm-level model (ΔAIC >713 points), as 
well as all other event-level models (ΔAIC >49 points), and the baseline 
model (ΔAIC >749 points, see Supplementary Table 5). For the tapping 
task, performance decreased (e.g., larger tapping deviations) with 
increasing modelled information content of the IOI, Ratio, and Contour of 
the preceding interval, in line with the main analysis (Table 3). The 
model comparison suggests that for the tapping task, the PPM model 
indeed performed best when used at the level of single events.

Note that the acoustic control parameters also significantly affected 
responses, with longer reaction times and higher tapping deviations (e. 
g., decreased performance) for events following longer intervals (e.g., 

higher Previous IOI). Similarly, reaction times were longer and hit rates 
lower following intervals that were further from the mean interval (e.g., 
higher Deviation from mean IOI), and following intervals that came late in 
the sequence (e.g., higher Sound number). Contrary to these findings, 
events were less likely to be a hit when following shorter intervals (e.g., 
lower Previous IOI), possibly because reaction times are only based on 
hits, and therefore, may give a somewhat biased result. Also, tapping 
deviations were smaller (i.e., better performance) for intervals that were 
far from the mean interval. This may have been due to the Weber 
fraction partly affecting results (see also Supplementary Fig. 3).

4. Discussion

In the current research, we aimed to understand representations of 
rhythmic patterns in auditory perception and production. We differen
tiated between three levels of representation, with increasing degrees of 
abstraction: the absolute durations in a pattern (IOI), the succession of 
integer ratios (Ratio), and the direction of change (Contour, whether an 
interval is longer, shorter, or equal to the previous interval). Across three 
different behavioral tasks, we tested whether these levels of represen
tation affected responses, using a computational model to quantify the 
predictability of rhythmic patterns for each of the representations.

We found that the modelled predictability of the contour of a 
rhythm, as well as the predictability of the succession of ratios affected 
behavior across an implicit, an explicit, and a motor task. The modelled 
predictability of the succession of absolute IOIs did affect responses, but 
to a lesser extent, and not across all tasks, with only weak or nonsig
nificant results in the implicit task. The effects of predictability based on 
absolute intervals was larger when the representation of the intervals 
was less precise (e.g., when IOIs were grouped into only five categories) 
– but only in the explicit and motor tasks. The effects of contour and 
ratio predictability were larger in the explicit rating task than in the 
implicit task and the motor task. Finally, the predictability of IOI, ratios, 
and contour predicted responses for the motor task best when computed 
in real time, on an event-by-event basis. For the implicit task, the event- 
by-event predictions did not affect behavior to the same extent: here, 
responses were equally well predicted by the overall predictability of the 
rhythm.

Notably, while previous research has used absolute IOIs (Milne et al., 
2023; Sauvé & Pearce, 2019) or ratios between intervals (Gold et al., 
2019; Kaplan et al., 2022; Ravignani et al., 2018) as the representation 
for rhythmic patterns, here we show that listeners likely represent pat
terns at an even more abstract and imprecise level: the level of contour. 
While contour was already suggested to play a role in rhythmic pro
cessing some decades ago by music theorists (Marvin, 1991), only 
recently has empirical research shown that human listeners indeed form 
duration contours in memory (Schmuckler & Moranis, 2023). Here, we 
extend these findings by showing that firstly, contour is used by listeners 
to guide and optimize perception and action when listening to rhythmic 
sequences, and secondly, contour is used more readily than more precise 
representations, like ratio and sequences of IOI. An imprecise repre
sentation of rhythm based on contour is in line with a recent study in 
which goodness of fit ratings for events following rhythmic patterns 
were higher in a broad window around an expected timepoint (Bouwer 
et al., 2023).

However, we found evidence that more temporally precise infor
mation, such as sequences of ratios, and to a lesser extent, absolute se
quences of IOIs, were also used to represent and predict rhythm in 
perceptual and motor tasks. This can be explained in two ways. First, it is 
possible that the human brain represents rhythm at multiple levels of 
abstraction, and the different levels are engaged flexibly, depending on 
the task, the stimulus, and the individual listener. In the present study, 
the predictability of the absolute intervals (be it IOI or a categorized 
version of IOI) did not contribute to performance in an implicit task, but 
did contribute to performance in an explicit rating task and a tapping 
task. While rhythmic patterns can be learned even when they are not 

Table 5 
Model parameters for the best performing model for tapping (with a decay 
kernel with a half life of 2 intervals) and the models with average IC values for 
each rhythm for hits and reaction times.

Task Variable Feature Fixed effect 
coefficient

LR p

Implicit

Hit

Average 
IOI 0.014 0.021 0.885
Average 
Ratio

0.134 2.474 0.116

Average 
Contour

0.267 5.731 0.017 *

Previous 
IOI − 0.451 43.41 <0.001 **

Deviation 
from mean 
IOI

0.788 95.057 <0.001 **

Sound 
number

0.704 106.45 <0.001 **

Reaction 
time

Average 
IOI 2.59 0.243 0.622

Average 
Ratio 17.07 9.048 0.003 **

Average 
Contour

8.444 1.083 0.298

Previous 
IOI

24.393 49.056 <0.001 **

Deviation 
from mean 
IOI

25.572 48.794 <0.001 **

Sound 
number

21.468 45.876 <0.001 **

Motor
Tapping 
deviation

Real-time 
IOI 16.88 121.311 <0.001 **
Real-time 
Ratio

18.359 74.243 <0.001 **

Real-time 
Contour 38.271 204.455 <0.001 **

Previous 
IOI

33.187 1506.564 <0.001 **

Deviation 
from mean 
IOI

− 21.714 374.204 <0.001 **

Sound 
number − 0.389 0.261 0.609

Note: Results from the mixed-effects models. For hits, the results are coded with 
higher values indicating higher chance of a miss (e.g., worse performance). LR =
Likelihood Ratio. *p < 0.05, **p < 0.01.
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task-relevant (Bouwer et al., 2020), it is possible they are represented in 
a different way depending on the goal the representation needs to serve, 
be it perception, or action (Shalev et al., 2019), and implicitly, or 
explicitly (Droit-Volet & Coull, 2016). Possibly, absolute representations 
of rhythmic patterns are mostly engaged for explicit tasks, rather than 
when rhythm has an implicit effect on task performance. Thus, while, 
predictability in general may assert a bigger effect in explicit tasks (as is 
apparent from a larger effect for both Contour and Ratio in the explicit 
task than in the other tasks), the level of abstraction of the representa
tion may differ depending on task demands. Similarly, different stimuli 
may emphasize different representations (e.g., IOI, Ratio, or Contour), 
and listeners may be sensitive to these differences, flexibly using the 
representation that allows for the most accurate predictions, or even 
refining their representation with learning and repeated exposure to the 
same pattern. Different listeners may also be prone to use different levels 
of representation. Musical training has been shown to lead to more 
precise perception (Banai et al., 2012) and production (Cicchini et al., 
2012) of temporal intervals. Hence, experience-dependent plasticity 
may lead to the use of more precise representations of intervals and 
rhythmic patterns.

Foreshadowing a possible neural implementation of this, previous 
research has repeatedly implicated the cerebellum in the processing of 
single, absolute durations (Breska & Ivry, 2016; Teki et al., 2011), and 
the hippocampus in processing of absolute durations in a sequence (Lee 
et al., 2020). Relative timing, be it beat based, or processing of time 
relative to a template sequence that may be aperiodic, has been asso
ciated with the supplementary motor area (SMA) and basal ganglia 
(Cannon & Patel, 2021). One possibility is that representations based on 
absolute intervals (i.e., IOIs) are thus processed in a network including 
the cerebellum and medial temporal lobes, while more abstract repre
sentations (i.e., ratios and contour) rely on SMA and basal ganglia. This 
hypothesis does raise the question how beat-based timing, which simi
larly is thought to rely on SMA and basal ganglia (Grahn & Brett, 2007), 
relates to processing of relative durations in a sequence, as investigated 
here, and whether the two types of timing may share overlapping neural 
representations and processes (Pretto & James, 2015) – something for 
future studies to focus on.

A second possible explanation for the results is that while we 
modelled three different types of representation, the brain represents 
rhythmic patterns only at one level, which falls somewhere in between 
the more and less abstract representations we used in the current study. 
The aim of the current study was not to create an optimal model of 
rhythmic predictions, but rather, to disentangle the effect of different 
representations using an existing model. As such, the approach is not 
best suited to test the idea that listeners possess a single flexible repre
sentation of rhythmic patterns, which may rely on, for example, ratios 
between intervals at a slightly different level of abstraction (e.g., with a 
different rounding parameter than the integers between 1 and 4 that we 
used here). A model that does not use a discrete alphabet, like the PPM 
model we used here, could be used to estimate an optimal parameter for 
the imprecision with which humans represent rhythm on a continuous 
scale. Recent flexible Bayesian implementations of PPM-like models are 
promising in this regard (Cannon, 2021; Cannon & Kaplan, 2024; Kaplan 
et al., 2022, 2023).

Modelling in a continuous manner may also be beneficial in exam
ining the categorical representation of IOI in the PPM model. First, the 
models with a smaller number of IOI categories clearly outperformed the 
models with all IOIs represented as a separate category (at least for the 
explicit and motor tasks), in line with the idea that rhythmic sequences 
are represented with only a limited number of categorical intervals 
(Ravignani et al., 2018). However, whereas it is well established that 
listeners interpret successive intervals as having integer ratio relation
ships (Jacoby & McDermott, 2017), there is no established threshold for 
what intervals would be interpreted as “long” or “short” for sequences of 
absolute IOIs, making the cutoff values we used rather arbitrary. Second, 
the fixed alphabet as used in the current modelling approach does not 

allow the model to represent time as a continuum, which means the 
model does not “know” that 350 ms is closer to 400 ms than to 800 ms: it 
just “knows” that these intervals are different. In future work, a 
modelling approach with intervals represented in a continuous manner 
may aid in establishing how listeners categorize absolute intervals in 
rhythmic sequences, and could account for the relationships between 
intervals.

Interestingly, the task context not only affected which representation 
influenced responses, but also whether responses were affected more by 
a pattern’s overall predictability or by real-time, event-by-event pre
dictability. In the implicit task, rhythmic predictability at the level of the 
whole rhythm affected responses, and adding parameters for predict
ability in real time did not improve the model, while in the tapping task, 
the best performing model was one with real-time predictors of rhyth
mic predictability. This again indicates differences between the implicit 
and tapping tasks in the way the representation of rhythm affects 
behavioral performance. Not only may the representation in the former 
be more imprecise, behavior in the implicit task may also be more 
dependent on average predictability, rather than real-time fluctuations 
in predictability. It is possible that listeners are not always primed to use 
rhythm in an implicit way, but rather, only do so when a rhythm is 
sufficiently predictable as a whole. However, another explanation is 
related to potential differences in power between the two tasks: with the 
tapping task providing datapoints for every event, and the implicit task 
only probing a maximum of eight events in each sequence, the failure of 
the real-time model in the implicit task may have been due to low power.

The real-time model for tapping showed that the optimal model 
incorporated a strong exponential decay parameter, with a half life of 2 
intervals, which indicates faster decay than found previously for pitch 
sequences (Bianco et al., 2020; Kern et al., 2022). In the rhythmic se
quences used here, there is silence between events, hence the memory 
representation for the sequence exists at a longer timescale than for the 
pitch sequences used in previous experiments (Bianco et al., 2020; 
Harrison et al., 2020), with pitched events every 50 ms. Nonetheless, the 
decay value that fitted the tapping data best was much faster than that 
previously found for pitch, both in time and number of events. While the 
2-interval half life in our study corresponds to a decay parameter of 1 s 
(based on the average IOI of 500 ms), previous work in pitch obtained a 
half-life parameter of more than 3 s (Bianco et al., 2020), or around 7–8 
events (Kern et al., 2022). These results may suggest that processing 
rhythmic sequences depends more on recent information than process
ing pitch sequences. One explanation for this is that the representation 
for temporal intervals may necessarily contain a higher information 
rate, as it codes not just when events appear, but also the content (e.g., 
the identity, or “what”) of the event itself (Fan & Yotsumoto, 2018). 
With higher information load, memory decay may be faster (Harrison 
et al., 2020). Another possibility is that the short, repeated rhythms used 
here allowed for accurate predictions based only on the local context: 
Rhythmic patterns containing regularities over longer timescales might 
require listeners to consider contextual events at longer timescales when 
generating temporal predictions.

In the current study, we aimed to focus exclusively on rhythmic 
pattern processing. As such, we decided to disregard influences of reg
ularity in the form of beat and meter. Beat and metrical structure have 
been shown to not only be driving forces behind rhythmic behavior 
(Honing & Bouwer, 2019; Snyder et al., 2024), but also, to interact with 
pattern processing, leading to improved discrimination of rhythmic 
patterns in the presence of a beat (Grahn & Brett, 2007). The patterns we 
used were not designed to contain metrical regularity: most patterns 
lacked durations related to each other at small integer ratios, and did not 
contain regular events at a rate consistent with the preferred beat rate 
for humans – as is typically found in metrical rhythm (Grahn & Brett, 
2007). However, we cannot completely rule out that unintended 
metrical structure did affect the responses. Given the design choices we 
made, we cannot know whether listeners perceived any metricality in 
the stimuli and, if so, its characteristics in terms of tactus rate and any 
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dynamic shifts of rate or phase within the patterns. Accounting for 
metricality in the current design would hence be non-trivial and post- 
hoc, given that the stimuli were selected considering only predictabil
ity, but not metricality. However, when excluding patterns that were 
most likely to contain metrical structure, the results remained the same 
(see Supplementary Table 3), supporting their validity in explaining 
pattern-based, but not beat-based processing. Future studies may be 
designed accounting for both predictability and metricality to examine 
their relationship and unique contributions to rhythm processing.

One open question in this regard is whether an abstract perceptual 
representation of rhythmic patterns, such as contour, ratio, or categories 
of IOIs, can account for any rhythmic behavior that has been ascribed to 
beat perception. Whether the mechanisms for beat and pattern pro
cessing are similar or separate remains an open discussion (Aharoni 
et al., 2024; Bouwer et al., 2020; Bouwer et al., 2023; Morillon et al., 
2016; Nobre & van Ede, 2018; Rimmele et al., 2018; Solli et al., 2025). 
Creating more sophisticated models of rhythm that represent patterns in 
more abstract ways may show that such representations can account for 
both beat-based and pattern-based timing perception without assuming 
different underlying mechanisms, similar to a model in which beat is 
represented as a pattern amenable to probabilistic learning (Cannon, 
2021). Indeed, it is possible to represent and learn metrical expectations 
within a probabilistic predictive model such as IDyOM (van der Weij 
et al., 2017).

Similar to the influence of beat and meter, we cannot exclude the 
influence of previous exposure to rhythm on responses. Statistical 
learning of patterns in music has been shown to be susceptible to cul
tural influences and long term learning (Kaplan et al., 2022; Pearce, 
2018), as has the categorization of rhythmic patterns (Jacoby et al., 
2021; Jacoby & McDermott, 2017). Although the stimuli resulting from 
model-based selection did not resemble metrical rhythmic patterns 
common in Western music, in future work, the present approach could 
be used to simulate the influence of cultural exposure on rhythmic 
pattern perception.

Finally, in our design, we did not consider possible non-linear in
fluences of rhythmic complexity. It is well-established that the plea
surable urge to move to music (also known as groove) has a non-linear, 
inverted U-shaped relationship with rhythmic complexity, with groove 
being strongest for medium complexity rhythms (Etani et al., 2024; 
Spiech et al., 2022; Spiech et al., 2024; Witek et al., 2014). Moreover, in 
one study, ratings of beat presence were shown to be following a binary 
pattern, with the beat being perceived as present or not, but without a 
linear relationship (Bouwer et al., 2018). Given the design and selection 
of rhythms in our study – with a largely binary distribution between 
rhythms with relatively high and low predictability on each feature – our 
data do not allow for testing these potential non-linear relationships. 
Similarly, we cannot claim that the linearity is present over the whole 
distribution of rhythms. Our rhythms were somewhat unevenly 
distributed over the possible IC values in the rhythm space (e.g., for 
contour, many rhythms had IC values between 0 and 0.2, with only a few 
with much higher IC values). Given the somewhat binary distribution of 
IC in the selected rhythms, the data cannot shed light on the precise 
psychophysical relationship between IC and complexity perception.

5. Conclusion

In the current work, we examined cognitive representation of 
rhythmic patterns in auditory perception. Using stimuli selected from a 
large universe of rhythmic patterns by a model of auditory expectation, 
we aimed to study processing of rhythmic patterns in isolation, unaf
fected by metrical structure and unbiased by cultural experience. Across 
three tasks we found that temporal predictions in rhythmic patterns 
relied mostly on abstract and imprecise representations. Moreover, we 
found that explicit task demands increased reliance on rhythmic pre
dictability for task performance in general, and that reliance on absolute 
representations of rhythmic patterns was particularly apparent under 

explicit and motor task demands. Overall, this implies that rhythm is 
represented in an abstract manner, reflecting interval categories and 
sequences of interval ratios and contour rather than absolute timing, 
with the representation flexibly adapted based on task demands. Given 
the ubiquitousness of rhythmic patterns in the environment, especially 
in language and music, such flexibility in the human perceptual system 
may strengthen performance on particular tasks by emphasizing 
rhythmic representations at the most useful or predictive level of 
abstraction, be it for listening to music, reciting poetry, or dancing to a 
rhythm.
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perceptual entrainment after stimulus offset. European Journal of Neuroscience, 59(5), 
1047–1060. https://doi.org/10.1111/ejn.16032

Anglada-tort, M., Harrison, P. M. C., & Jacoby, N. (2021). REPP : A robust cross-platform 
solution for online sensorimotor synchronization experiments. bioRxiv, 1–34.

Banai, K., Fisher, S., & Ganot, R. (2012). The effects of context and musical training on 
auditory temporal-interval discrimination. Hearing Research, 284(1–2), 59–66. 
https://doi.org/10.1016/j.heares.2011.12.002
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