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Abstract 

Music often entails perception of periodic beats which serve as internal 
temporal references to coordinate movements to music. Crucially, beat 
perception arises even in syncopated musical rhythms, which only weakly 
cue the beat periodicity. However, syncopated rhythms are often looped in 
music, suggesting that repetition of rhythmic patterns may facilitate beat 
perception by providing a periodic structure at a supra-second timescale. 
Here, we tested this hypothesis by recording separately 
electroencephalographic (EEG) and behavioral responses (finger tapping) 
while participants listened to different syncopated rhythmic sequences. 
These sequences either consisted of a repeated pattern (repetition of 4.8 
and 9.6-s-long patterns) or were generated without repetition. Despite the 
degradation of pattern repetition, neural activity showed a periodized 
representation of the rhythmic input across conditions, at periodicities 
corresponding to those expressed in behavioral responses. However, this 
neural activity was further enhanced in the condition with shorter repeated 
patterns. Thus, pattern repetition was not necessary but strengthened the 
neural representation of the beat, demonstrating that supra-second 
periodicities in the rhythmic input further enhance sub-second 
periodicities in neural activity. These findings highlight the multiscale 
temporal processing of musical rhythm, and, more generally, complex 
rhythmic inputs involved in interpersonal interaction and communication.
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1 1. Introduction 

2 Music has a profound and universal effect on humans. This effect 
3 often results from movement (e.g., instrument playing, hand-clapping, 
4 singing, etc.), and also motivates movements (e.g., dancing, head bobbing, 
5 foot tapping, co-performers instrument playing, etc.) that are coordinated 
6 with the rhythmic input[1,2]. Coordinating rhythmic movements relies on an 
7 internal representation of time that is, to a great extent, invariant to the 
8 specific temporal arrangement of musical events. This internal 
9 representation is typically referred to as the beat, which consists of a 

10 seamlessly recurring pulse train elicited by a rhythmic input. Additionally 
11 to this particularly prominent beat, slower and faster pulse layers are often 
12 perceived, forming a multilayered structure of pulse trains called 
13 meter[3,4]. 
14 Notably, beat representation can arise in response to a wide variety 
15 of rhythmic stimuli, ranging from controlled isochronous sequences (e.g., 
16 metronomes) to spectro-temporally complex real-world performances (e.g., 
17 marching bands, large orchestras, etc.). In other words, the brain forms a 
18 beat representation that does not necessarily correspond one-to-one to 
19 prominent features of rhythmic inputs. This phenomenon is illustrated well 
20 with syncopated rhythms, where the acoustic content only weakly cues the 
21 periodicity of the perceived beat. Yet, syncopated rhythms are commonly 
22 used in music and do not prevent listeners from perceiving a beat, as 
23 embodied in the production of periodic movement along with these 
24 rhythms[5-7].
25 Analogously, studies using electrophysiology have repeatedly 
26 demonstrated that brain activity elicited while participants listen to 
27 syncopated rhythms shows a selective enhancement of periodicities 
28 corresponding to the perceived beat. In other words, there is robust 
29 evidence that beat perception is tied to processes that periodize the 
30 rhythmic sensory input, thus shaping the neural representation toward a 
31 behaviorally-relevant internal template[9-12]. Together, these findings 
32 highlight the fact that internal representations of the beat cannot be 
33 explained solely by sensory processing of prominent temporal cues of the 
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34 input, but at least partially involve higher-level processes that enable a 
35 certain degree of invariance with respect to the input[13].
36 Critically, meter perception concerns a specific temporal range lying 
37 between approximately 100 and 1800 ms (as delimited through 
38 ethnomusicological work, and behavioral experiments where participants 
39 were instructed to tap in synchrony along with isochronous rhythms[14-18]). 
40 It has thus been hypothesized that the temporal structure of the rhythmic 
41 input, covering this sub- to supra-second range, would provide temporal 
42 cues to map periodic pulses, making meter perception a multiscale 
43 scaffolding process, for example based on nonlinear neural responses to 
44 the stimulus[4,7,19-23].
45 Here, we aimed to move a critical step forward in investigating this 
46 multiscale temporal scaffolding with a focus on its slower, supra-second 
47 end. We first propose a scheme where this temporal range for meter is 
48 organized into three pulse layers (Fig. 1). This scheme then serves as a 
49 basis to manipulate the prominence of temporal cues at the slow supra-
50 second layer by varying the degree of pattern repetition, while keeping 
51 parameters at the faster sub-second timescale constant. This approach 

Figure 1: Three-layer scheme of the temporal range for meter and beat processing, showing the 
physical space of the rhythmic input and corresponding metric perceptual space. The figure 
depicts an example rhythmic sequence with prominent periodic cues in the faster layer, formed by 
recurrent intervals between successive sound events (dashed vertical lines) and prominent 
periodic cues in the slower layer, formed by the seamless repetition of the rhythmic pattern (as 
depicted with squared brackets). In contrast, the intermediate layer does not show prominent 
periodic cues due to the local arrangement of sound events forming a syncopated rhythm. Yet, 
most listeners can perceive at least one pulse layer in response to syncopated rhythms, as 
displayed by the nested half circles (depicting the pulse layers obtained in previous behavioral 
measurements[8]).

ACCEPTED MANUSCRIPTARTICLE IN PRESS



ARTIC
LE

 IN
 PR

ES
S

6

52 thus informs on the contribution of the supra-second layer to the multiscale 
53 temporal scaffolding process at stake in beat and meter perception. 
54
55 As depicted in Figure 1, the proposed scheme comprises a faster 
56 pulse layer (hereafter referred to as the subdivision layer) concerned with 
57 single time intervals delimited by the successive events making up the 
58 rhythmic input, which can serve as a basis to map fast periodic pulses at a 
59 sub-second timescale[4,16,17]. The intermediate pulse layer (hereafter called 
60 the beat layer) is concerned with the local arrangement of these successive 
61 events (also referred to as groups)[4]. These local arrangements can be 
62 considered as unsyncopated or syncopated (also referred to as strongly 
63 periodic or weakly periodic in the beat layer), depending on the extent to 
64 which these groups match the periodicity of the perceived beat[22,24]. 
65 Finally, the slower pulse layer (hereafter referred to as the cycle layer) is 
66 concerned with longer, seamlessly repeating, or looped, rhythmic patterns, 
67 which can serve as a basis for mapping slow periodic pulses at a supra-
68 second timescale[4,15,25]. Notably, the boundaries between these three 
69 layers are flexible and depend on a multitude of factors pertaining to the 
70 stimulus (e.g., speed, timbre, etc.) and to the listener (e.g., cross-cultural 
71 or inter-individual differences, knowledge of the perceptual conventions 
72 inherent in musical genres, etc.). Nevertheless, there is generally a 
73 considerable alignment between the timescale of temporal cues in the 
74 rhythmic input and the timescale of perceived periodic pulses, particularly 
75 at the beat and subdivision layers[2,4,12].
76 Thus far, most neuroimaging studies have focused on the role of 
77 temporal cues at the intermediate beat layer, while keeping periodic 
78 recurrence at the slower layer highly prominent through the use of looped 
79 rhythmic patterns[8,10,11,13,26,27]. However, little effort has been focused on 
80 evaluating the effect of supra-second temporal cues on the internal 
81 representation of beat. Yet, repetition of rhythmic patterns represents a 
82 core component of music[25,28-30], one that is key to the aesthetic appeal 
83 and social power of music[5,31]. Repeating rhythmic patterns are often 
84 easily recognized and learned without requiring explicit training, and this 
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85 periodic recurrence can help to structure musical pieces and anticipate 
86 future events[4,28,32].
87 Therefore, we hypothesize that the slow periodicity provided by the 
88 repetition of rhythmic patterns serves as a supra-second temporal cue to 
89 the beat. This cue would offer a temporal anchor point onto which faster 
90 periodic pulses at the beat layer could be mapped by interpolation, through 
91 multiscale temporal scaffolding potentially involved in beat 
92 perception[4,33,34] (see also expectancy-based[35,36], or neural oscillations 
93 theories[7,23,37]). Note that the term “slow periodicities” is used here as a 
94 comprehensive term referring to the periodic recurrence in the acoustic 
95 signal arising from pattern repetition, rather than to specific mechanisms 
96 of beat perception.
97 We tested the role of these slow periodicities by recording behavioral 
98 and neural responses in healthy human adults. Behavioral measures of the 
99 beat representation were obtained by asking participants to tap their 

100 finger along with the most prominent periodic pulse they would perceive 
101 while listening to rhythmic sequences[7,38]. In a separate session, neural 
102 responses were captured using electroencephalography (EEG) while the 
103 same participants were listening to the same rhythmic sequences, from 
104 which neural representation of the perceived beat were measured using 
105 frequency analysis (see[12,39] for reviews).
106 These behavioral and neural measures were compared across three 
107 sequences presented in separate conditions. In the three sequences, 
108 temporal cues to the beat layer were invariantly low (i.e., weakly periodic, 
109 syncopated rhythms), whereas the periodic recurrence in the slower cycle 
110 layer corresponding to rhythmic patterns was manipulated to gradually 
111 decrease across stimuli (sequence #1: repetition of a 4.8 s pattern; 
112 sequence #2: repetition of a 9.6 s pattern; and sequence #3: no pattern 
113 repetition). A decrease in the behavioral and neural measures across 
114 conditions would thus demonstrate a critical role of slow periodic cues in 
115 beat processing. Alternatively, observing comparable beat-related 
116 responses across conditions would suggest that periodic cues at the faster 
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117 beat and/or subdivision layers may be sufficient to enable beat 
118 representation.
119 We also tested how these supra-second temporal cues interacted 
120 with other factors assumed to play a role in beat processing, namely, short-
121 term prior context[40] and long-term musical expertise. To this end, 
122 different presentation orders of the conditions were compared, thus 
123 allowing us to test whether supra-second temporal cues would be used as 
124 temporal anchors for the beat not only when these slow cues are actually 
125 present in the rhythmic input but also in subsequent sequences where 
126 these cues are relatively degraded (Fig. 3). Additionally, group 
127 comparisons across professional musicians and non-musicians aimed to 
128 test the extent to which long-term musical practice overrides the lack of 
129 slow temporal cues in the rhythmic input, allowing for the representation 
130 of a stable internal beat template irrespective of sensory input 
131 degradation[2,41]. 
132  
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133 2. Materials and Methods
134
135 Participants

136 To measure the long-term shaping of beat perception by music 
137 practice, two groups of 26 healthy volunteers recruited from the Brussels 
138 area (Belgium) participated in this study. The first group consisted of 
139 professional musicians (17 females, 5 left-handed, 27.54 ± 6.18 years old, 
140 19.5 ± 5.46 years of musical practice, and 26.75 ± 7.8 hours of musical 
141 practice per week - mean ± standard deviation) who were either studying 
142 or had graduated from a music conservatory (i.e., bachelor’s or master’s 
143 degree) at the time of the experiment. The second group consisted of non-
144 musicians (17 females, 2 left-handed, 25.96 ± 5.53 years old, 0 ± 0 years 
145 of musical practice, and 0 ± 0 hours of musical practice per week). Both 
146 groups were matched for dance experience (musicians: 2.34 ± 3.89 years 
147 of dance experience and 1.15 ± 2.96 hours of weekly practice; non-
148 musicians: 0.81 ± 2.00 years of dance experience and 0.60 ± 1.16 hours of 
149 weekly practice; both p-values > 0.05). Participants had no history of 
150 hearing, neurological or psychiatric disorders, and provided written 
151 informed consent before the start of the experiment. This study was 
152 approved by the local ethics committee (“Comité d’Éthique Hospitalo-
153 Facultaire Saint-Luc – UCL”, ref. 2018-353) and all experiments were 
154 performed in accordance with relevant guidelines and regulations.
155

156 Auditory Stimuli

157 A set of 14 seed rhythms was created using Matlab (R2020a, The 
158 MathWorks, Natick, USA; Fig. 2; see electronic supplementary material 1 
159 for details). Each rhythm was based on a 12-interval grid structure made 
160 of 200 ms evenly spaced time points and consisted of eight sound events, 
161 and four silent events. For each seed rhythm, the arrangement of sound 
162 and silent events on the 12-interval grid was manipulated to obtain 2.4 s 
163 syncopated (i.e., weakly periodic in the beat layer) rhythms.
164 Sound events consisted in a pure tone of 200 ms duration (10 ms and 
165 20 ms linear ramps up and down). The carrier frequency of the pure tone 
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166 varied between 150 and 200 Hz ([150.00, 161.19, 173.21, 186.12, 200] Hz) 
167 in each successive trial to increase participants’ vigilance due to the 
168 change in tone between trials. These relatively low tone frequencies were 
169 chosen since low tones have been shown to elicit brain responses with 
170 higher signal-to-noise ratios[42], and stronger meter-related neural 
171 responses[8]. To account for the spectral sensitivity of the auditory 
172 system[43], the intensity of each pure tone was equalized to 70 dBA using a 
173 Bruel & Kjaer (type 2250, Denmark) sound level meter.
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174 To confirm that temporal cues to beat-layer periodicities were weak 
175 in these stimuli (i.e., syncopation criterion), we measured the prominence 
176 of beat periodicities in the modulation spectrum of each rhythm. This was 
177 done by extracting the envelope of the acoustic signal of each 2.4 s 
178 rhythmic pattern using a Hilbert transform and subsequently applying a 
179 Fast Fourier Transform (FFT). The distribution of energy within the first 
180 12 frequency bins (from the frequency corresponding to the duration of the 
181 rhythmic pattern, here 1/2.4 s = 0.41 Hz, to the 11th harmonics 
182 corresponding to the period of the grid timepoints, 1/0.2 s = 5 Hz) reflects 

Figure 2: Temporal envelope of the fourteen seed rhythms. (a) All rhythms were based on 
a twelve-interval 200 ms grid structure (i.e., 2.4 s in total), with eight of the intervals 
consisting in sound events and the remaining four intervals consisting in silent events. 
The sound and silent intervals were arranged such as to yield syncopated rhythms. (b) 
Weak prominence of beat periodicities was confirmed through frequency analysis of the 
amplitude modulation of the rhythms, from which z-scores were calculated. All seed 
rhythms showed negative beat-related zscores, indicating weak prominence of beat-
related periodicities in their modulation spectrum compared to beat-unrelated 
periodicities.
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183 periodic recurrences in the amplitude modulations of the acoustic 
184 signal[9,39,44,45].  
185 From this set of frequencies of interest, frequencies were classified 
186 as meter-related when corresponding to the most plausible metric pulses 
187 (1.25 Hz and harmonics, based on tapping behavior observed in studies 
188 using similar rhythms[8,10,13, 46]), and as meter-unrelated frequencies 
189 otherwise. Amplitudes at all frequencies of interest were then converted to 
190 z-scores, and the z-scores at beat-related frequencies were averaged to 
191 serve as an index of their relative prominence in the modulation spectra 
192 (see[39] for further details on this approach). All seed rhythms presented 
193 negative beat-related z-scores, indicating that the amplitude at beat-
194 related frequencies was, on average, smaller than the average amplitude 
195 across all frequencies of interest. In other words, beat-related frequencies 
196 did not stand out relative to the whole set of frequencies characterizing the 
197 temporal structure of the rhythmic patterns. Additionally, this syncopation 
198 criterion was also corroborated by alternative syncopation measures 
199 (counterevidence C-scores; see electronic supplementary material 1 for 
200 details). 
201 The 14 seed rhythms were then concatenated into three 67.2 s 
202 sequences that varied in terms of pattern repetition. The medium pattern 
203 repetition sequence consisted of a 4.8 s rhythmic pattern made of the 
204 concatenation of two of the seed rhythms (seed rhythms #5 and 10), which 
205 was seamlessly looped 14 times within the sequence. The long pattern 
206 repetition sequence comprised the same 4.8 s pattern from the medium 
207 pattern repetition sequence followed by two additional seed rhythms, thus 
208 forming a longer rhythmic pattern of 9.6 s (seed rhythms #5, 10, 8, 9), 
209 which was seamlessly looped 7 times within the sequence. Finally, the no 
210 pattern repetition sequence was made by randomly concatenating the 14 
211 seed rhythms to generate the 67.2 s sequence (seed rhythms #6, 8, 11, 5, 
212 12, 5, 7, 6, 11, 7, etc.).  
213 All sequences were controlled (i) to yield similar beat-related z-
214 scores, (ii) to not present identical rhythms following each other within a 
215 pattern, and (iii) so that the no-pattern repetition sequence would not 
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216 reproduce parts of the pattern from the other two sequences. Note that the 
217 label “short pattern repetition” sequence was purposely avoided here, as 
218 it better refers to the duration of the seed rhythms (i.e., 2.4 s), which 
219 corresponds to the typical duration of rhythms used in previous similar 
220 neuroimaging studies[8,10,13,47]. Note also that a condition with repetition 
221 of such a 2.4 s rhythmic pattern was not included in the current study to 
222 maintain a reasonable experiment duration, and that longer patterns were 
223 hypothesized to more effectively target the 6-8 s limit for the implicit 
224 learning of rhythmic patterns[15,48]. Audio files of the stimuli are available 
225 on an online repository 
226 (https://osf.io/yz4hd/?view_only=52d6f29db48f4ccbb6dfdae6d5f8328e).
227 To test whether low-level sensory processing from early stages of the 
228 auditory pathway could explain the substantial enhancement of beat-
229 related frequencies observed in neural responses compared to the 
230 input[13,39,49], all three sequences were analyzed using a cochlear model. 
231 This model estimated the sound representation at the level of auditory 
232 nerve fibers (as implemented in the Auditory Toolbox for Matlab, with 128 
233 characteristic frequencies distributed from 130 to 16000 Hz[50]). The 
234 output of this model was averaged across the cochlear channels, and the 
235 signal was transformed into the frequency domain by applying an FFT. The 
236 beat-related z-score was then computed for each stimulus condition to 
237 confirm the lack of prominent beat-related frequencies, thus excluding 
238 possible low-level confounds in the EEG results. 
239
240 Experimental design

241 The experiment took place in a single session. Each participant 
242 listened to all three sequences presented in blocks, and the block 
243 corresponding to the long-pattern repetition condition was presented twice 
244 (Fig. 3) to test for effects of short-term context. Another way to test for 
245 possible effects of short-term context was to compare two different fixed 
246 orders of the blocks, with the no pattern repetition condition placed either 
247 at the beginning (i.e., no prior context) or at the end of the experiment (i.e., 
248 maximum prior context). Within each group of participants (musicians vs. 
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249 non-musicians), half of each group was assigned to a different condition 
250 order, thus yielding a mixed factorial design. 
251
252
253
254

255
256

257 Each of the four resulting blocks consisted of 10 EEG trials followed 
258 by 3 tapping trials. During EEG trials, participants were seated in a 
259 comfortable chair and were asked to listen carefully to the rhythmic 
260 sequences while fixating on a visual target placed in front of them and 
261 avoiding unnecessary head or body movements. To maintain participants’ 
262 attention to the temporal properties of the stimuli during EEG trials, 
263 participants were asked to report whether they heard a tempo change, and, 
264 if so, the direction of this change at the end of each trial[8,40,51]. These 
265 tempo changes were introduced in an additional sequence snippet 
266 appended to the end of 6 out of 10 trials (3 accelerations, 3 decelerations, 
267 and 4 trials without tempo changes). Modulations of the tempo were 
268 implemented following a 4.8 s long cosine waveform with a fixed 
269 magnitude for musicians (minimum and maximum grid intervals of 188.7 
270 and 217.4 ms, respectively), and an adaptative two-down, one-up staircase 
271 method[52] (grid intervals starting at 169.5 for accelerations and 238.1 ms 
272 for decelerations with adaptative steps of 8 ms) for non-musicians to 
273 account for their reduced ability to detect tempo modulations as compared 
274 with musicians[53]. Note that these additional snippets were excluded from 

Figure 3: Experimental design. Musician and non-musician groups of participants were presented 
with four blocks in two possible fixed orders - the top and bottom condition orders providing 
maximum and minimum prior context, respectively, with the no pattern repetition condition 
positioned either at the end or the beginning of the block design. Half of each group was assigned 
to each condition order, and for each condition neural activity was recorded using 
electroencephalography, followed by a tapping session.
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275 further analyses, thus exclusively leaving responses to rhythmic inputs 
276 with a steady tempo for the analyses. Before the start of the experiment, 
277 participants were familiarized with several examples of these tempo 
278 changes applied to syncopated rhythms that were not used in the actual 
279 experiment.
280 For the tapping trials, participants were instructed to tap the regular 
281 pulse that was spontaneously perceived while listening to the stimulus by 
282 producing up and down movements with the index finger of their preferred 
283 hand on a custom-built response box (i.e., the exact instructions were: “Tap 
284 the index finger of your preferred hand in time with the regular pulse that 
285 you perceive when listening to the rhythm, as if you were clapping your 
286 hands on the music during a live performance”). The experimenter 
287 remained in the recording room with the participant at all times to monitor 
288 compliance with the procedure and instructions. 
289

290 Tapping Recording and Analysis

291 Tapping responses were recorded using a custom-built response box 
292 made of a hard tapping surface (i.e., producing auditory feedback, 
293 mitigated by the ear inserts used to deliver acoustic inputs simultaneously) 
294 and a pressure sensor underneath. From the tap time series, intertap 
295 intervals (ITIs) were calculated as durations between successive taps. For 
296 each trial, participant and condition, the median ITI was taken as an index 
297 of the perceived beat period[2]. 
298 Additionally, we converted the tap time series to a sequence of 
299 phases relative to the participant’s predicted beat, determined by the 
300 meter periodicity closest to their median ITI. The circular mean was then 
301 taken as an index of tapping stability, with values ranging from 0 to 1, 
302 indicating low and high synchronization with the rhythmic input, 
303 respectively [7,54].
304

305 EEG Recording and Preprocessing
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306 The EEG was recorded using a Biosemi Active-Two system (Biosemi, 
307 Amsterdam, Netherlands) with 64 Ag-AgCl electrodes placed on the scalp 
308 according to the international 10/20 system, and two additional electrodes 
309 placed on the mastoids. EEG recordings were preprocessed using Matlab 
310 (R2020a, The MathWorks, Natick, USA) and Letswave 
311 (http://letswave.org).
312 First, signals were digitized at a sampling rate of 512 Hz. EEG 
313 recordings were high-pass filtered offline at 0.1 Hz (4th order Butterworth 
314 filter) to remove slow drifts, and segmented from 0 to 67.2 s relative to the 
315 trial onset (excluding any appended snippets with tempo changes relevant 
316 for the perceptual task). Signals were then re-referenced to the average of 
317 mastoid electrodes to increase the signal-to-noise ratio of neural responses 
318 to acoustic rhythms in frontocentral channels, which would later be 
319 selected[55,56].
320 Excessively noisy channels were visually selected and linearly 
321 interpolated across all trials and conditions, separately for each participant 
322 (maximum 3 channels interpolated in 2 participants). Artifacts attributed 
323 to eye blinks and horizontal eye movements were identified and removed 
324 using independent component analysis[57] based on visual inspection of 
325 their typical waveform shape and topographic distribution. For each 
326 participant and condition separately, the epochs were averaged across 
327 trials in the time-domain to reduce the contribution of background noise 
328 that was not time-locked to the stimuli, thus improving the signal-to-noise 
329 ratio of the EEG activity[58].
330 The signal was then averaged across a set of 9 frontocentral channels 
331 (‘F1’, ’Fz’, ’F2’, ’FC1’, ’FCz’, ’FC2’, ’C1’, ’Cz’, ’C2’ in the 10-20 international 
332 system) based on prior observations of brain responses to rhythmic sound 
333 patterns being predominantly captured by these channels[8,10,38]. Finally, 
334 the averaged waveforms were transformed into the frequency domain 
335 using an FFT, and baseline corrected by subtracting the average amplitude 
336 at neighboring bins (2nd to 5th) on both sides of each frequency bin, in order 
337 to locally correct for the background noise in the EEG signal[58]. 
338
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339 Relative amplitude of the beat-related neural activity in the frequency 

340 domain

341 A vast majority of previous EEG studies using a frequency-tagging 
342 approach to investigate the neural representation of beat have used 
343 repeated rhythmic patterns[8,10,11,13,26,27]. In such a context, the selection 
344 of frequencies of interest is relatively straightforward, because the 
345 response to a repeated rhythmic pattern should reliably recur at a fixed, 
346 known period corresponding to the pattern duration. This repeated 
347 response can be conveniently isolated in the frequency domain, as it only 
348 contains peaks at frequencies corresponding to the pattern repetition rate 
349 and harmonics.
350 Critically, the distribution of amplitudes across these frequencies of 
351 interest is related to the shape of the response elicited within each 
352 repetition of the rhythmic pattern. Moreover, the degree of periodic 
353 recurrence of the response (i.e., beat periodicities) within each pattern 
354 cycle is reflected in the relative prominence of amplitudes at a subset of 
355 frequencies of interest (i.e., beat -related frequencies), which correspond 
356 to the rate of this nested recurrence and its harmonics. To measure such 
357 prominence at the rate of the perceived beat periodicities (as directly 
358 informed by the group-averaged median ITI), the amplitudes across all 
359 frequencies of interest are typically standardized as z-scores and averaged 
360 across beat-related frequencies (i.e. frequencies corresponding to the rates 
361 and harmonics of the beat, see[43] for the importance of analyzing 
362 harmonics in complex, non-sinusoidal signals). Notably, the resulting mean 
363 z-score quantifies the amplitude at beat-related frequencies relative to the 
364 amplitude at other, beat-unrelated frequencies, which are expected to 
365 emerge in the response spectrum due to stimulus repetition, but do not 
366 capture beat periodicities. The mean beat-related z-score thus constitutes 
367 a normalized index of the prominence of beat periodicities in the EEG 
368 signal[9,12,39,59]. 
369 Along this line, we determined a set of beat-related frequencies 
370 based on the tapping, namely the observed convergent ITIs across 
371 conditions. However, determining beat-unrelated frequencies based on the 
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372 harmonics of the pattern repetition rate would be ill-suited here, as each 
373 condition contained a different repetition rate (up to a complete absence 
374 of pattern repetition), thus precluding comparisons across conditions due 
375 to the profound differences in the number of beat-unrelated frequencies. 
376 Yet, beat-unrelated frequencies are key to standardizing response 
377 amplitudes at beat-related frequencies using a z-score, thus capturing the 
378 prominence of beat periodicities irrespective of unit and scale[39]. 
379 Therefore, guided by recent work[46,60] emphasizing the importance of high 
380 signal-to-noise ratio for methods characterizing brain responses, we 
381 adopted a data-driven approach to selecting frequencies of interest and 
382 overcoming this imbalance without any prior assumption about possible 
383 beat-unrelated frequencies.
384 First, we identified the most prominent peaks from the group-
385 averaged EEG spectrum of each condition. These prominent frequencies 
386 were obtained by running the findpeak function implemented in Matlab, 
387 with a minimum peak prominence set as the mean plus two standard 
388 deviations of the spectrum between 0 and 30 Hz. This measure was 
389 computed separately for each group of participants, and only frequencies 
390 present in both groups were retained. The same procedure was applied to 
391 the modulation spectrum of each of the three rhythmic sequences, and the 
392 series of prominent peaks from the three stimuli were merged with those 
393 extracted from their corresponding EEG spectra to better capture the 
394 input/output transformation. This way, small peaks at the stimulus level 
395 that are boosted in the EEG, or otherwise, prominent peaks in the input 
396 that are reduced in the output are both considered as frequencies of 
397 interest.
398 Furthermore, prominent peaks obtained below 1.25 Hz (i.e., pulse 
399 period corresponding to a grouping of 4 events, or 800 ms) were excluded 
400 from further analysis for several reasons. First, including the pattern 
401 repetition rates of 0.104 Hz and 0.208 Hz (i.e., the slow and medium 
402 pattern repetition conditions, respectively) as beat-related frequencies 
403 would have required including all their harmonics in the set of beat-related 
404 frequencies, thereby leaving no control (beat-unrelated) frequencies 
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405 against which to further standardize the beat-related frequencies[39]. 
406 Second, the frequency of 0.625 Hz (i.e., a pulse period of 1600 ms, or 
407 grouping of 8 events) could not be clearly classified as either beat-related 
408 or unrelated, as no participant tapped at such a slow rate. Third, lower 
409 frequencies were expected to be particularly susceptible to 1/f noise in the 
410 EEG signal. In addition, peaks at 5 Hz and harmonics were also excluded 
411 as they are likely to be mostly driven by the shape of the average response 
412 to individual sound events making up the stimuli. 
413 The steps described thus far could, in principle, yield a rather 
414 different number of prominent peaks (i.e., frequencies of interest) across 
415 conditions. To avoid such imbalance, we retained only the smallest number 
416 of frequencies of interest among conditions by (i) selecting those with the 
417 largest amplitude in the modulation spectrum of each stimulus, and (ii) 
418 forcing the inclusion of frequencies matching the median ITIs tapped by 
419 participants. From this set of prominent peaks, two frequencies 
420 corresponded to the convergent tapping beat rates (i.e., 1.25 and 2.5 Hz), 
421 and one (i.e., 3.75 Hz) corresponded to a harmonic of these rates, resulting 
422 in 3 beat-related frequencies for each condition. All remaining 24 
423 frequencies were aggregated as beat-unrelated frequencies. 
424 Finally, the amplitudes of all these frequencies of interest were 
425 converted into z-scores and averaged separately for the beat-related 
426 frequencies (frequencies corresponding to the period of the median ITIs, 
427 and prominent harmonics – 1.25, 2.5 and 3.75 Hz) and beat-unrelated 
428 frequencies (all non-beat-related frequencies of interest). As expected, this 
429 procedure yielded a different selection of beat-unrelated frequencies 
430 across conditions. However, the fact that this selection was conducted 
431 within an identical spectral range and was restricted to an identical 
432 number of these frequencies across conditions ensured fair comparison of 
433 the relative prominence of beat-related frequencies across conditions.
434 The frequency-tagging approach, as implemented here using 
435 magnitude spectrum analysis, has been shown to be sensitive to aspects 
436 that are unspecific to the relative prominence of periodicities, such as the 
437 shape of the response, thus potentially biasing the obtained results[39]. To 
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438 overcome this specificity issue, a novel implementation of frequency-
439 tagging based on autocorrelation has been developed recently, providing 
440 a measure of periodic recurrence that is invariant to the shape of the 
441 response. While this novel implementation provides greater specificity, it 
442 shows limited application in the case of non-repeating patterns (see[39] for 
443 a detailed account). A magnitude spectrum analysis was therefore used in 
444 the present study, as a relevant approach to measure periodicity with high 
445 sensitivity, assess the stability of neural phase-locking, and enable direct 
446 comparisons between signals of different nature, unit and scale, which is 
447 key to a quantitative investigation of input-output transformations (see 
448 [12,39] for reviews on these methods). 
449 Keeping the overall sequence duration constant across conditions 
450 necessarily resulted in a greater number of medium, as opposed to long 
451 patterns presented to the participant. To ensure that any differences 
452 across conditions could not be attributed to this exposure effect,  
453 supplementary analyses were conducted after equalizing the number of 
454 pattern presentations across conditions. Specifically, the same analysis 
455 was carried out after retaining only the first 5 (out of 10) trials from the 
456 medium-pattern repetition condition, thus ensuring a total of 70 patterns 
457 repetition in both the medium-pattern and long-pattern repetition 
458 conditions (14 patterns per trial x 5 trials in the medium-pattern repetition 
459 condition; 7 patterns per trial x10 trials in the long-pattern repetition 
460 condition).  The no-pattern repetition condition was excluded from this 
461 control analysis, as selecting only 10 repeated patterns (1 pattern per trial 
462 x10 trials) would have resulted in an insufficient amount of data in the 
463 other conditions.
464

465 Statistical analysis

466 Statistical analyses were performed using R (version 4.2.1) with the 
467 significance level set at p < 0.05. To account for the absence of normal 
468 distribution in the behavioral results, non-parametric Mann-Whitney tests 
469 were used for comparisons across the two groups, and between the two 
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470 condition orders, and a non-parametric Friedman test was used for 
471 comparisons across conditions. For neural responses, a three-way mixed 
472 ANOVA was conducted to evaluate the main effect and interaction of the 
473 factors condition, musical expertise, and condition order. Where relevant, 
474 the Greenhouse–Geisser correction was used to correct for violations of 
475 sphericity in the performed ANOVAs. Post-hoc comparisons were carried 
476 out using paired t-tests, and a false discovery rate (FDR) correction was 
477 applied when needed to adjust for multiple comparisons.
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478 Results

479 Behavioral results
480

481
482 Figure 4A depicts the distribution of inter-tap intervals (ITIs) for both 
483 groups of participants across all four conditions. The observed convergent 
484 median ITIs at the group level and across conditions were thus used to 
485 inform the selection of beat-related frequencies for the frequency analysis 
486 of neural responses. Specifically, these ITIs corresponded to 1.25 Hz (i.e., 
487 1/800 ms, or 4 times the grid interval) and its harmonics (thus also 
488 including 2.5 Hz, corresponding to 1/400 ms, or 2 times the grid interval), 
489 in line with previous studies[13,40, 46, 60]. 
490 To evaluate behavioral responses, the tapping stability (i.e., the 
491 vector strength of the circular asynchrony between tapping onsets and the 
492 nearest hypothetical pulse position) was compared between groups, 
493 condition orders, and across conditions (Fig. 4B). Professional musicians 
494 showed higher stability than non-musicians in all conditions (Medium 
495 pattern repetition: W = 564, p = 1.442e-05, h2 = 0.574 ; Long pattern 

Figure 4: Behavioral results: non-musicians showed overall poorer stability at tapping the beat along 
with the rhythmic inputs, as compared to musicians. (A) Distribution of intertap intervals (ITIs) 
across participant groups and conditions. Horizontal lines correspond to integer multiples of the 
200-ms grid structure on which rhythmic patterns were built, thus corresponding to plausible beat 
rates participants could have synchronized their tapping to. Dashed lines highlight 400- and 800-
ms, corresponding to the convergent tapping rates across participants. (B) Tapping stability. Values 
ranging from 0 to 1 indicate low and high synchronization with a steady periodic beat, respectively. 
The horizontal line and limits of the boxplot indicate the median and 25th and 75th percentiles, 
respectively.  
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496 repetition #1: W = 578, p = 3.304e-06, h2 = 0.609; Long pattern repetition 
497 #2: W = 574, p = 5.111e-06, h2 = 0.599; No pattern repetition: W = 580, 
498 p = 2.644e-06, h2 = 0.614). However, within-group comparisons across 
499 conditions and condition orders showed no significant effect (Condition, 
500 Musicians:  χ2(3) = 1.57, p = 0.667; Condition, Non-musicians: χ2(3) = 3, 
501 p = 0.39; Condition order: W = 5784, p = 0.387), although some non-
502 musicians appeared to strongly benefit from the order offering maximum 
503 prior context, leading to a bimodal distribution of tapping asynchronies and 
504 a close to significant interaction (Order:Group: W = 1608, p = 0.09).
505 Together, these results suggest that the degradation of pattern 
506 repetition, as well as prior context, did not play a significant role in tapping 
507 performance. Only musical expertise had a positive effect, as observed by 
508 the more clustered ITIs and increased tapping stability measured in the 
509 musicians group.
510
511
512 Frequency Analysis of the Stimulus and EEG responses

513 Figure 5 displays the modulation spectra across stimulus conditions 
514 obtained from the cochlear model (top row) and EEG responses (musicians 

Figure 5: Modulation spectra obtained using cochlear model for each stimulus condition (top row), 
and their corresponding EEG responses in musicians (middle row), and non-musicians (bottom row). 
Frequencies of interest are respectively highlighted in red or blue for beat-related or beat-unrelated 
frequencies. EEG spectra correspond to a pool of 9 frontocentral channels and are averages over 
the 26 participants in each group.
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515 and non-musicians in the middle and bottom rows respectively). As 
516 expected, the degradation of pattern recurrence causes the acoustic 
517 energy (and the corresponding output of the cochlear model) to be spread 
518 across a larger number of frequency bins that is directly determined by the 
519 duration of the repeated pattern in the sequence (Fig. 5, top row), hence 
520 the necessity for a proper adjustment of a method for selecting frequencies 
521 of interest as described in the materials and methods section. After running 

522 the findpeak function on the modulation spectrum of each stimulus 
523 condition and their corresponding group-averaged EEG spectra, the 
524 medium pattern repetition condition showed the fewest prominent peaks 
525 (n=27), which determined the number of frequencies of interest that would 
526 then be selected in each condition. After classifying 1.25Hz and harmonics 
527 as beat-related frequencies (Fig. 5 in red, n=3, as informed by tapping 
528 results), and all other frequencies of interest as beat-unrelated (Fig.5 in 
529 blue, n=24), the modulation spectrum of the cochlear model responses 
530 showed a weaker prominence of beat-related frequencies compared to 
531 beat-unrelated frequencies. This observation was confirmed by the 
532 negative beat-related z-score obtained in all four conditions (Fig. 6, 
533 horizontal black line), indicating that the rhythmic sequences contained 
534 little cues to the beat layers tapped by most participants. 
535

Figure 6: Mean z-score of EEG responses at beat-related frequencies across groups (left plot: 
musicians, right plot: non-musicians), for all conditions and condition order (circles: condition order 
maximizing prior context, squares: condition order minimizing prior context). Corresponding values 
obtained from the cochlear model output are shown as vertical black lines. The horizontal line and 
limits of the boxplot indicate the median and 25th and 75th percentiles, respectively. Beat-related z-
scores above 0 indicate a larger prominence of beat-related frequencies than beat-unrelated 
frequencies, and vice versa.
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536 One-sample one-tailed t-tests were then performed to estimate 
537 whether beat-related frequencies were more prominent than predicted by 
538 the cochlear model, which could not be explained by lower-level tracking 
539 of prominent acoustic features of the stimuli[12] (Fig. 6, black horizontal 
540 line). Both groups showed a selective enhancement of beat-related 
541 frequencies in the EEG in all four conditions and for both condition orders 
542 (all p-values < 0.05, FDR corrected, Table 1). These results align with 
543 previous work showing a periodization of the input, even when the input 
544 shows weak beat periodicities in its modulation spectrum[9,11,12]. However, 
545 these results go one step further by showing that the processes underlying 
546 periodization persist in response to stimuli with degraded periodicities at 
547 the slower cycle layer, where periodic recurrences associated with pattern 
548 repetitions typically occur. 
549

550  Table 1: Selective enhancement of EEG beat-related zscores observed in each group, condition and 
551 condition order. The p-value and p-value control analysis refer to the selective enhancement of the 
552 main analysis pipeline and the control analysis correcting for the total number of pattern repetition 

Musicians Mean SEM T-
statistic

p-value
(FDR 

corrected)

p-value
Control analysis
(FDR corrected)

Maximum prior 
context

0.798 0.150 5.324 2.621e-04*** 7.459e-06***Medium 
pattern 

repetition No prior context 0.423 0.112 3.765 1.797e-03** 5.176e-02
Maximum prior 
context

0.698 0.086 8.149 1.244e-05*** 4.048e-03**Long pattern 
repetition 

#1 No prior context 0.380 0.083 4.607 6.036e-04*** 2.930e-03**
Maximum prior 
context

0.574 0.128 4.501 6.452e-04*** 3.406e-04***Long pattern 
repetition 

#2 No prior context 0.521 0.146 3.559 2.420e-03*** 4.360e-03**
Maximum prior 
context

0.575 0.130 4.425 6.628e-04***No pattern 
repetition No prior context 0.636 0.185 3.435 2.822e-03**

Non-
musicians

Maximum prior 
context

0.923 0.096 9.651 4.197e-06*** 1.002e-05***Medium 
pattern 

repetition No prior context 0.631 0.120 5.274 2.621e-04*** 4.360e-03**
Maximum prior 
context

0.638 0.107 5.965 1.313e-04*** 4.360e-03**Long pattern 
repetition 

#1 No prior context 0.485 0.069 7.032 3.658e-05*** 4.360e-03**
Maximum prior 
context

0.591 0.126 4.675 6.036e-04*** 1.462e-03**Long pattern 
repetition 

#2 No prior context 0.599 0.140 4.275 7.846e-04*** 7.804 e-03**
Maximum prior 
context

0.576 0.179 3.225 3.887e-03***No pattern 
repetition No prior context 0.411 0.150 2.738 8.994e-03***
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553 across conditions, respectively. The p-value is flagged with one star (*) if lower than 0.05, two stars 
554 (**) if lower than 0.01, and three stars (***) if lower than 0.001. SEM = Standard Error of the Mean.

555 Finally, we estimated the effect of these slow temporal recurrences, 
556 along with effects of musical expertise and prior context, on the amplitude 
557 of EEG responses at beat-related frequencies (Fig. 6). The three-way mixed 
558 ANOVA with the factors condition, group, and condition order showed a 
559 main effect of condition (F(3,48) = 2.711, p = 0.0470, h2𝑝 = 0.053), with 
560 larger beat-related z-scores observed in the medium-pattern repetition 
561 compared to the first presentation of the long-pattern repetition condition 
562 (t(51) = 3.411, p = 0.006, h2 = 0.472, FDR corrected), as well as a main 
563 effect of condition order (F(1,48) = 4.828, p = 0.033, h2𝑝 = 0.088), with 
564 greater enhancement of beat-related frequencies in the order that 
565 provided maximum prior context (i.e. starting with the medium pattern 
566 repetition condition; t(103) = 2.553, p = 0.006, h2  = 0.250). However, no 
567 main effect or interaction was found for the group factor, suggesting that 
568 listeners’ neural responses may be similar irrespective of levels of musical 
569 expertise. 
570 To ensure that these effects were not merely driven by differences in 
571 the total number of pattern repetitions across conditions, we conducted a 
572 supplementary analysis controlling for exposure effects. One-sample one-
573 tailed t-tests showed similar selective enhancement of beat-related 
574 frequencies in the EEG than what was predicted by the cochlear model 
575 (Table 1, control analysis column). The three-way mixed ANOVA then 
576 yielded a main effect of condition (F (2,48) = 2.711, p = 0.0470, h2𝑝 = 0.07), 
577 with larger beat-related z-scores in the medium-pattern repetition 
578 condition compared to the first presentation of the long-pattern repetition 
579 condition (t(51) = 2.482, p = 0.049, h2 = 0.344, FDR corrected). Similarly, 
580 the main effect of condition order was also significant (F(1,48) = 4.607, p 
581 = 0.037, h2𝑝 = 0.088), with higher beat-related z-scores observed in the 
582 order providing maximum prior exposure to supra-second periodic 
583 structure (t(77) = 2.332, p = 0.022, h2 = 0.264). These supplementary 
584 analyses thus confirm that the effects observed in the initial analysis 
585 remain robust even when controlling for differences in the total number of 
586 pattern presentations. In other words, these results cannot be solely 
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587 explained by a greater exposure to the medium-pattern repetition 
588 condition but rather corroborate the effect of pattern repetition on the 
589 neural beat representation. 
590 While the data-driven selection of frequencies of interest adopted 
591 here is supported by recent methodological work[46, 60], alternative 
592 selections are possible. In the original analysis, the 3rd harmonic of 1.25 
593 Hz (i.e., 3.75 Hz) was included because it emerged from the stimulus 
594 and/or EEG spectra, whereas the 3rd harmonic of 2.5 Hz (i.e., 7.5 Hz) did 
595 not. As requested during the review process, we repeated the analysis 
596 while including both 3rd harmonics (3.75 and 7.5 Hz) in the set of beat-
597 related frequencies. This additional analysis yielded very similar results, 
598 confirming the robustness of our findings with respect to frequency 
599 selection (see electronic supplementary material 2 for details).
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600 Discussion

601 The current study investigated the role of rhythmic pattern repetition 
602 in beat processing. A selective enhancement of the neural activity at beat-
603 related frequencies was found in all conditions, with pattern repetition 
604 further reinforcing the neural representation of the beat. Moreover, we 
605 observed stronger neural emphasis of the beat-related periodicities when 
606 the highly repetitive stimuli were presented first, indicating a carry-over 
607 effect from the directly preceding condition, which offered maximal prior 
608 short-term context in terms of pattern repetition[40].
609
610 Periodization of rhythmic input in neural activity 

611 Results revealed that the relative prominence of beat-related 
612 frequencies was enhanced in neural activity as compared to their relative 
613 prominence in the input. Notably, this enhancement was observed in all 
614 conditions, irrespective of the degree of pattern repetition in the input. 
615 Crucially, while active debate remains on the computational mechanisms 
616 underlying the observed neural transformations of the rhythmic inputs, 
617 these neural responses cannot be explained by mere tracking of prominent 
618 periodicities of the rhythmic input, as all stimuli were purposely designed 
619 to lack prominent temporal cues at the intermediate beat layer (i.e., 
620 syncopated rhythms). This periodization of the rhythmic input observed in 
621 neural activity as captured with EEG thus arguably reflects processes 
622 related to beat perception, beyond sole lower-level sensory tracking of 
623 prominent features of the input[13, 39]. 
624  Importantly, the selective enhancement of beat-related frequencies 
625 was observed even in the non-repeating condition, which only provided a 
626 low degree of periodic recurrence in the input.  In other words, it appears 
627 that pattern repetition is not necessarily required for listeners to periodize 
628 rhythmic inputs. Instead, periodic recurrence, even when limited only to 
629 faster layers, can already be sufficient to elicit significant neural emphasis 
630 of the beat. Together, these findings thus reveal processes through which 
631 the brain would leverage periodic recurrence restricted to a narrow 
632 timescale in the rhythmic input, to map pulse layers covering wider 
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633 timescales[7,19,20,61]. This multiscale temporal scaffolding would thus play a 
634 critical role in the neural periodization of rhythmic input that could be 
635 experienced as the beat[9]. 
636 To some extent, these findings may be related to the phenomenon of 
637 subjective meter (or “tick tock” effect), which refers to perception of 
638 periodic accents in unaccented isochronous rhythms[19,20,62].  More 
639 specifically, it could be hypothesized that, in the no-pattern repetition 
640 condition, interpolation of the prominent periodic recurrences at the 
641 fastest inter-onset-interval layer served as a basis to map an internal 
642 representation of a periodic structure at slower rates, thus yielding a set 
643 of nested periodic pulses. Such predictions are supported by models of 
644 neural resonance which posit that rhythmic inputs nonlinearly interact 
645 with intrinsic oscillatory networks, driving neural oscillations not only at 
646 the frequencies present in the stimulus, but also at integer ratio 
647 frequencies (i.e., integer multiples and divisors of the input 
648 frequencies)[7,11]. 
649 Previous studies[63,64] on Western populations have shown a clear 
650 tendency toward tapping rates corresponding to groupings of 2, 4, and 8 
651 notes (compared with groupings of 3, 5, 6, and 7 notes). Corroborating 
652 these observations, the current behavioral results showed a convergence 
653 towards duple beats. However, the current study provides a nuanced 
654 differentiation from previous findings. Specifically, we found convergent 
655 tapping across participants at a rate corresponding to two times the fastest 
656 inter-onset intervals (Fig. 4A). This tapping rate is thus overall faster than 
657 that reported in previous studies which mostly found tapping rates 
658 corresponding to four times these intervals in response to repeated 
659 rhythms at the same tempo[8,10]. The faster rate observed here thus likely 
660 reflects an attraction toward the most prominent periodic recurrence 
661 available in the sensory input, here located at the fastest layer.
662

663 Discrepancy between neural and behavioral responses

664 The behavioral measures revealed less stable sensorimotor 
665 synchronization performance in non-musicians than in musicians, which is 
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666 consistent with previous research[2]. This cross-group difference in the 
667 ability to tap a periodic beat could appear contradictory with the neural 
668 measures which did not show such a contrast between the two groups. 
669 Rather, the neural measures showed "periodization" of the input that was 
670 significantly influenced by pattern repetition and prior context but not 
671 musical expertise.
672 Yet, these discrepancies between behavioral and neural measures 
673 align with the view of a default automatic periodization of the rhythmic 
674 input in neural activity, which would contribute to beat perception 
675 irrespective of musical expertise. Corroborating this view, previous 
676 research using intracerebral recordings in humans has provided evidence 
677 for such a periodization of rhythmic inputs at the earliest cortical stage of 
678 auditory processing[27] (i.e., Heschl’s gyrus). These findings are also 
679 consistent with previous research showing a periodization of syncopated 
680 rhythms in the EEG of human adults even when the attention is focused 
681 away from the rhythmic input[49], as well as in the EEG of 5-6 month-old 
682 human infants, despite the relative immaturity of higher-level associative 
683 and sensorimotor cortices at this developmental stage[47].
684 Taken together, these studies suggest that the capacity to move to a 
685 periodic beat does not only rely on a default periodized neural 
686 representation of the rhythmic input as produced in the primary auditory 
687 cortex. Rather, this ability would also require strong functional coupling 
688 between auditory and higher-level associative and sensorimotor cortices, 
689 allowing this periodized representation to guide movement timing, thus in 
690 line with the functional definition of beat and meter in music[65,66]. The 
691 critical role of such functional coupling between these brain regions is 
692 supported by modelling work[7], and corroborated by the evidence that 
693 body movement can shape the internal beat representation[6,51,67]. Despite 
694 similar neural responses between groups, lifelong music practice likely 
695 strengthens this functional coupling, enabling musicians to better translate 
696 their neural representation of meter into body movement[68]. On the 
697 contrary, the relatively degraded periodic structure at the intermediate 
698 and slow layers used in the current study as compared to previous 
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699 studies[8,10,49] may have proven too limited at enabling consistent motor 
700 entrainment to the beat in non-musicians.
701 In addition to the cross-group difference discussed above, we also 
702 found a cross-task difference. The positive effect of pattern repetition on 
703 the prominence of meter periodicities was found in the neural but not 
704 tapping responses. This discrepancy may stem from differences in task 
705 demands and affordance, as participants were instructed and allowed to 
706 move to the beat only during the behavioral measurements. Self-
707 entrainment to the beat through tapping along may thus reinforce the 
708 listener’s beat representation, especially in the context of syncopated, and 
709 non-repeated patterns, possibly masking the effect of repetition on the 
710 tapping performance[69]. 
711
712 Pattern repetition in music: capitalizing on implicit learning to foster beat 

713 perception

714 The current study shows that repetition of rhythmic patterns 
715 facilitates the internal beat representation. Several influential theories in 
716 the rhythm perception field could account for this phenomenon. According 
717 to neural resonance theories, this facilitation could stem from the capacity 
718 of the brain to subdivide the slow, supra-second periodicities provided by 
719 repetition of the rhythmic patterns into faster pulses through nonlinear 
720 coupling with the stimulus[7,20,23,37]. On the other hand, expectancy-based 
721 theories propose that such facilitation could arise from anticipatory 
722 attending mechanisms, whereby prediction about forthcoming events 
723 would strengthen the internal representation of the beat[35,36]. Yet, this 
724 effect of pattern repetition is relatively small. This relatively small effect 
725 size could be explained by the fact that temporal cues at slow cycle layers, 
726 as used here, may have been already close to the limit beyond which 
727 periodic recurrence no longer facilitates beat perception[4] (but see[70] for 
728 extremely long timescale beat perception based on explicit theorization 
729 and training).
730 However, the human brain has proven to be remarkably proficient at 
731 recognizing and learning recurring patterns over time[44,71,72]. This 
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732 phenomenon, referred to as implicit learning already occurs on a short 
733 timescale[72], and does not require any specific training (see[73] for a review 
734 of implicit learning in the context of music). Supporting this, effects of 
735 implicit learning were observed with auditory stimuli lasting up to 8.4 
736 seconds[48], thus comprising the duration of the medium pattern repetition 
737 condition (i.e. 4.8 s) used in the current study. The current results thus 
738 open to future research comparing neural and behavioral responses across 
739 a finer-grained range of durations of pattern repetition. For example, 
740 starting with approximately 2 s long patterns (as in[8,10,27,47,49]) could 
741 further clarify the role of implicit learning processes in fostering beat 
742 perception.
743
744 Conclusion
745
746 Despite being a core component of music worldwide[25,30-32], the 
747 repetition of musical patterns (melodic phrases, rhythmic figures, etc.) 
748 has often been overlooked in studies of rhythm processing. The current 
749 experiment aims to fill this gap by showing that, while the repetition of 
750 rhythmic patterns is not required for the forming of a neural 
751 representation of beat, it can strengthen this neural representation.
752 Importantly, and beyond implications in music contexts, our results 
753 reveal the capacity of the human brain to leverage slow periodicities from 
754 the rhythmic input at the supra-second scale, to map internal 
755 representations of faster periodicities at sub-second timescales. By 
756 highlighting the multiscale nature of temporal processes involved in 
757 rhythm processing, this study advances our understanding of high-level 
758 perceptual processes allowing groups of individuals to coordinate 
759 interaction and communication in a multitude of fundamentally human 
760 joint actions ranging from music and dance performance to ritual, work, 
761 and play.
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