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ABSTRACT

This work proposes modeling the beat percept as a 2d prob-
ability distribution and its inference from musical stimulus
as a new MIR task. We present a methodology for col-
lecting a 2d beat distribution of period and phase from free
beat-tapping data from multiple participants. The method-
ology allows capturing beat-tapping variability both within
(e.g.: mid-track beat change) and between annotators (e.g.:
participants tap at different phases). The data analysis
methodology was tested with simulated beat tracks as-
sessing robustness to tapping variability, mid-tapping beat
change and disagreement between annotators. It was also
tested on experimental tapping data where the entropy of
the estimated beat distributions correlated with tapping dif-
ficulty reported by the participants. For the MIR task, we
propose using optimal transport as an evaluation criterion
for models that estimate the beat distribution from musi-
cal stimuli. This criterion provides better scores to beat
estimations closer in phase or period to distributions ob-
tained from data. Finally, we present baseline models for
the task of estimating the beat distribution. The method-
ology is presented with aims to enhance the exploration of
ambiguity in the beat percept. For example, it exposes if
beat uncertainty is related to a pulse that is hard to produce
or conflicting interpretations of the beat.

1. INTRODUCTION

The beat is a cognitive percept fundamental for the human
musical experience. It is often conceived as an isochronous
pattern expressed by tapping with a hand or foot. Men-
tally, the location and duration of musical events are de-
fined with respect to it. It is also subjective as different
listeners may select different tapping speeds or locations
when producing the beat [1–3]. Also, how easily the beat
percept is perceived – its pulse clarity – may vary accord-
ing to the musical stimulus [4].
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The uncertainty on whether there is a perceived beat and
which is finally perceived is also part of the music expe-
rience. For example, pulse clarity has been related with
higher valence [5] and arousal [6]. Pulse clarity has also
been shown to correlate with the degree and variability
of movement [7, 8]. Overall, uncertainty on the musical
structure is considered relevant for the analysis of emo-
tion in music. Theories on the mechanisms through which
music produces affective responses point towards unful-
filled expectations. We listen to music and predict how
it will develop. If such predictions are defied, an affec-
tive response emerges [9–11]. Predictions on the musical
structure include how its events organize in time, which is
arranged based on the periodicity of the beat. On top of
the beat, other hierarchical structures are conceived, such
as the downbeat and the meter. These, in turn, organize
the length and location of repetitions and sections of a
song [12, 13]. With this in mind, both the frequency and
the location of the beat are of relevance.

Moreover, the certainty of our predictions is important
as well. It is considered that prediction error is what causes
affective response [14]. If no structure is predicted with
high probability, no outcome is considered a prediction er-
ror [15]. In order to build models to analyze expectations
with respect to the timing of musical events, we need to
model which beat percepts emerge in listeners, if there are
conflicting interpretations, and what is the certainty about
them.

Ambiguity in the interpretation of the beat has been an-
alyzed experimentally only by looking into how listeners
select different tapping speeds. [16] analyzed subjective
tempo on various musical stimuli, concluding that, on top
of the music’s base tempo, its structure and accents can
also influence the selected tapping tempo. [1] observed that
listeners may have different strategies to select a tapping
speed. Some can comfortably tap at the fastest consistent
pulse of the music, while others had a tendency towards a
slower subdivided pulse.

From a Music Information Retrieval perspective, the
tempo estimation task aims to estimate the most likely
tapping speeds. For example, in the MIREX tempo esti-
mation challenge, algorithms must provide the two most
salient tempos together with their saliency [17] (for a re-
view see [18–20]). Another related MIR task is beat track-
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ing. The task aims to estimate, from a musical surface,
the time points where a listener would tap. Several beat
tracking models have been introduced, many within the
beat tracking task in MIREX (for a review, see [21, 22]).
These models find the best beat track, but rarely produce
information on other possible interpretations.

Considering these limitations where only tempo is ana-
lyzed or only one possible beat is estimated, this work pro-
poses modeling the beat as a 2D probability distribution of
tempo and phase. The probability modeling allows captur-
ing both tempo and location of the beat, whether more than
one interpretation is likely, and overall beat certainty. Fur-
thermore, we propose to construct the inference of the beat
distribution as a MIR task. This constitutes an extension
of the tempo estimation task, as it yields more informa-
tion about the possible interpretations of the beat and their
saliences. The extended information is relevant to under-
stand which metrical interpretations are likely for a listener
and how certain she might be, which is deemed important
for the analysis of affect in music. We present the pipeline
to construct this task, including how to obtain these dis-
tributions from the listener’s tapping data and a proposal
evaluation metric for models estimating the distributions
from musical stimuli.

In the next sections, we present the formalisms of the
proposed task. First, we define the 2d distribution and
present the algorithm for obtaining it from tapping data.
Next, we assert that the definition and the algorithm cap-
ture relevant beat situations from simulated tapping data.
The algorithm is also applied on experimental tapping data
where participants were required to tap to a self-selected
beat on rhythms of varying complexity. We describe the
experiment and show how different beat uncertainty sce-
narios are present from the data and that a more spread
distribution correlates with reported tapping difficulty. Fi-
nally, we present an evaluation metric for MIR models pro-
ducing these distributions from musical stimuli. We also
provide 3 baseline models and their scores on the experi-
mental dataset.

2. BEAT AS A 2D DISTRIBUTION

We propose modeling the beat percept as a 2d probability
distribution of period (or tempo) δ and phase ρ. Such dis-
tribution allows illustrating the beat variability commonly
expressed in beat-tapping data. We consider δ to be in
some time unit in a bounded range reasonable for beat per-
ception. A proposed range is 250 ms (240 bpm) to 1800
ms (33 bpm) [1]. We consider ρ ∈ [0, 1] as a relative loca-
tion within the period. The methodology estimates a dis-
cretized probability distribution p(δ, ρ|stimulus) from the
beat-tapping data of multiple participants while listening
to the stimulus. For example, in the simulated data (section
2.1.1), we discretize the support every 25 ms for the period
δ and 0.05 for the phase ρ. Examples of the 2d distribution
for different rhythmic stimuli are presented in Figure 1.

Let us consider the tapping data as a set of tap times se-
ries {tji}, with j indicating the participant (j = 1, . . . , J),
and i indicating the tap index (i = 1, . . . , Nj), where J is
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Figure 1: Example beat distributions from experimental
tapping data for various rhythmic stimuli. The distribu-
tions depict different beat perception situations, such as
high and low variability (top left and right, respectively),
one period with multiple phases (bottom left) or one main
phase but multiple periods (bottom right).

the number of participants and Nj the number of taps by
participant j. Our aim is to calculate the evidence for each
beat bin present in the data. The process is illustrated in
Figure 2. First, taps are split into segments {sj,ki }S

j,k

i=1 of
similar inter-tap intervals (Figure 2a). From each segment,
a tactus, with inter-beat interval (IBI) δ and phase relative
to the beginning of the stimuli ρ, is estimated with a linear
regression. The period and phase are obtained using only
the tapping data, without requiring a true beat level or a ref-
erence beat sequence. Next, the segment is assigned to a
bin in the beat distribution (Figure 2b). To quantify the ev-
idence provided by a segment, the stimulus is segmented
into time frames which are assigned to overlapping seg-
ments (Figure 2a). The final distribution histogram is gen-
erated by adding the frame counts assigned to each beat
bin by each segment and then normalizing (Figure 2c).

Taps are segmented by iterating them in order. The first
two tap times constitute the first segment. Then, the seg-
ment is extended by inspecting if the distance between the
last tap in the segment and the following tap time (∆∗)
is similar to the average inter-tap interval of the segment
( ¯∆sj,k) within a threshold ∆th. The criterion is expressed
in equation 1. If the equation holds, the segment is ex-
tended with the new tap time. Otherwise, a new segment
is initiated with the next two tap times. ∆th is defined as
0.175 based on the Continuity metric used as evaluation in
the beat tracking task [23].

|∆∗ − ¯∆sj,k|
¯∆sj,k

≤ ∆th (1)

With each tap segment {sj,ki } defined, we estimate
which beat is being produced during the segment. To do
so, we perform a linear regression with parameters α and
β minimizing the mean squared difference between sj,kx
and (α + β × (x − 1)) (with x = 1, . . . , Sj,ki ). The
beat selected for the segment corresponds to the beat bin
of the discretized distribution containing (δ = β, ρ =
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Figure 2: Illustration of the process to obtain a beat distribution from tapping data. (a) presents tapping data from 5
participants (one per row) on a section of a stimulus. Participants taps are clustered in segments {sj,ki } of similar inter-
tap intervals. From each segment, a tactus (ρ, δ) is obtained with a linear regression. The stimulus is divided into time
frames, which are assigned to the overlapping tapping segment (if any). (b) the tactus of each segment is mapped onto the
distribution support. Segments contribute to their tactus bins according to the number of frames assigned to the segment
(in parenthesis). (c) shows the distribution generated from the process.

(α mod β)/β). The estimated values correspond to the
inter-tap interval and location with respect to the beginning
of the rhythm. The segmentation process allows having
more tapping information to inform the parameter estima-
tion in spite of tapping variability.

Finally, the duration of the stimulus is split into time-
frames. Each time-frame is assigned the beat bin of the
segment that overlaps with it. If no segment overlaps with
the frame, the frame is ignored. The beat distribution
p(δ, ρ|stimulus) is defined as the normalized histogram of
frame counts for each beat. Figure 1 presents examples of
this procedure applied to data from a tapping experiment
(the experiment and the adaptations to the procedure are
described in section 2.1.2).

2.1 Evaluation

2.1.1 Simulated data

We evaluated the methodology by producing simulated tap
time series from a selected beat and then calculating the
beat distribution with the procedure presented in the previ-
ous section. First, we asserted that distributions obtained
were robust to tapping variability. Second, considering a
listener may change the beat they are tapping, we exam-
ined whether the probability of two different beats is pro-
portional to the time each beat is produced. Third, con-
sidering data from various listeners, we assessed that the
probability of two beats is proportional to the number of
listeners tapping to it. For the experiments we used beat
bins with period δ ∈ [250ms, 1800ms] with 25ms incre-
ments, and phase ρ ∈ [0, 1] with steps of 0.05.

For the first evaluation, we created simulated beat-
tapping series with tapping variability and evaluated
whether the beat distribution obtained had most of the
probability mass in the expected beat. To produce each

simulated tapping series, a beat was defined by first ran-
domly selecting a beat bin and then drawing a specific
period δ and phase ρ values within the bin. With the se-
lected period and phase, tap times were generated starting
at ρ × δ and then adding δ time for each successive tap
until reaching 30 seconds. Tapping variability was con-
trolled with parameter σ and was incorporated into the tap
series by adding Gaussian noise N(0, σ × δ) to each tap
time. We tested 20 tapping variability magnitudes, with
σ ∈ [0, 0.08]. Tapping variability has been reported to
range from 2% to 4%, depending on inter-beat interval
duration and musical training of the listener [24, 25]. It
may be as high as 5% for very slow tempos (below 60
bpm) [26]. We selected 100 random beats and used each
to produce 20 tapping series, one for each value of σ.

Figure 3 presents the average probability for the orig-
inal beat bin at each σ. Since the variability in the tap-
ping times might yield a different beat bin, we evaluated
whether the probability mass was captured by neighboring
phase and period bins. We see the probability of the origi-
nally selected beat bin decays with tapping variability, but
up to 5% it is mostly captured by the immediate neighbor-
ing phase bin. The probability of the original bin together
with the neighboring period bins is practically the same as
the original bin, meaning that probability mass is rarely
transferred to a different tempo.

The methodology is expected to work in free-tapping
situations where the listener may stop and even change the
beat she is tapping during the musical excerpt. The seg-
mentation and framing procedure is used to capture these
changes. We evaluate whether this behavior is captured by
simulating tapping series where the beat is changed mid-
tapping. Each series is generated by selecting two random
period and phase values as before, selecting the propor-
tion of time the tapping series will produce each period

Proceedings of the 22nd ISMIR Conference, Online, November 7-12, 2021

454



0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08
Tapping variability ( )

0.2

0.4

0.6

0.8

1.0
Pr

ob
ab

ilit
y

Original Bin w/ ±1 phase bin w/ ±1 delta bin

Figure 3: Evaluation on whether a beat distribution ob-
tained from simulated tapping data assigns the probabil-
ity to the original beat bin, with respect to tapping vari-
ability (σ). Most probability mass is given to the original
bin, although it decays with variability. Up to 5% variabil-
ity, most of the probability is assigned to either the origi-
nal bin or its neighboring phase bins. Little probability is
transferred to nearby period. Values are presented as mean
probability for 100 simulations per sigma value, along with
the 90% confidence interval.
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Figure 4: Probability of the first and second selected beats
with respect to the proportion of time (left) or series (right)
each beat is produced. Probability for both beats are shown
to be linearly related to the amount of time or series ex-
pressing this beat. Values are presented as mean probabil-
ity for 50 simulations per proportion value, together with
90% confidence intervals.

and phase, and then generating the tapping for the first and
second beat for the defined proportion of the time. From
these tapping series, the beat distribution is obtained and
the probability assigned to the two selected beat bins is ob-
served. Here, tapping series are generated with 3% tapping
variability and are also 30 seconds long.

Similarly, the methodology is designed to capture the
proportion in which different beats are selected by a set
of listeners. In the last simulation, we produced a set of
tapping series where a proportion was generated based on
one beat and the rest on a second one. For each simulation,
the beat distribution is obtained by counting the number
of frames assigned to each beat bin from the complete set
of tapping series. Then, the probability of each beat, with
respect to the number of simulated participants producing
that beat, is observed. Tapping series were also generated
with 3% tapping variability and 30-second duration.

In Figure 4 we present the results of the simulations.
In both cases, the probability of the first selected beat de-
cays linearly with the proportion of time or series the beat
is produced. Equally, as the proportion of time or series
expresses the second beat, its probability increases.

2.1.2 Experimental data

Finally, the proposed methodology was used to obtain 2d
beat distributions from free-tapping data. In Figure 1 we
present examples of the beat distribution for four stimuli.
Data was collected on an on-site experiment where par-
ticipants were asked to tap on a sensing surface to a self-
selected beat while listening to rhythmic stimuli of varying
rhythmic complexity [27]. The experiment was designed
to capture subjective beat. Participants were instructed to
tap to any self-selected beat and were allowed to stop or
change their tapping throughout the stimulus. After each
trial, participants rated how difficult the tapping task was
with values between 1 (easy) and 5 (hard). Stimuli con-
sisted of repeating rhythms produced using identical click
sounds. A total of 33 rhythmic passages were presented to
each participant. To use rhythms with validated complex-
ity, 11 of the rhythms were taken from [3] and 7 from [28].
5 were isochronous beats at 150, 200, 250, 500, 800 ms
inter-beat intervals. 10 new patterns were created from
four beat patterns (in contrast with 8 from [3] and [28])
to have participants familiarize with the task. 7 of these
were always presented at the beginning of the experiment.
All other stimuli presentations were randomized. With the
exception of the isochronous stimuli, pattern-based stim-
uli were presented varying the notated inter-beat interval
between 450 and 550 ms. IBIs were pseudo-randomized
avoiding using the same one in two consecutive trials.
Each stimulus consisted of repeating the rhythmic pattern
to last a minimum of 24 seconds (and up to 31 seconds).
From 35 total participants, 30 remained after filtering par-
ticipants that were deemed to not understand the concept
of beat. They were selected as participants who replicated
the stimulus instead of defining a beat in more than three
trials. 6 participants were female, and 24 are male. The
overall average age was 28.27 (sd = 7.94) and overall mean
musical training was 5.43 years (sd = 4.62).

From the data collected, we gathered a training subset
to be used in the exploration performed in this work. 15
participants were selected to uniformly represent the range
of training years. The rhythmic stimuli subset contains all
the isochronous excerpts, 5 from [3], 3 from [28] and 4
from the newly proposed rhythms. Rhythms subsets were
selected to uniformly represent the reported tapping diffi-
culty range. In the experimental data, tap times are normal-
ized to the inter-beat interval used during the experiment.
This allows comparing presentations of the same stimulus
at different IBIs. For the analysis in Figure 1, the beat
distribution was obtained with period δ ∈ [0.1, 4.5] with
increments of 0.01. The figure shows how inferred beats
concentrate on specific areas of the distribution. For exam-
ple, we can observe that the tapping period is most often
the stimulus’ inter-beat interval and only in some rhythms
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double-period tapping is also present. The distributions
also show that the tapping phase is commonly near 0 (or 1),
indicating synchrony with the stimulus’ beat. This is not
always the case, as in the lower left subfigure, anti-phase
tapping (phase nearby 0.5) is more prevalent, indicating
that participants considered this beat more likely than the
one originally defined in the stimulus.

We also assessed whether the spread of the probability
mass was related to the tapping difficulty reported by the
participants. We estimated tapping difficulty from the dis-
tribution by calculating its entropy. Reported tapping dif-
ficulty for each stimulus was obtained as the mean of the
per-participant z-standardized difficulty scores. Spearman
rank’s correlation was calculated on the training subset, ig-
noring the isochronous stimuli as they were not intended
to express rhythmic complexity. The correlation yielded
r = 0.88 and p < 0.001.

3. EVALUATION METRIC

We propose estimating the probability of different beats
being perceived as the pulse of a musical stimulus as a new
MIR task. An empirical discrete beat distribution (consid-
ered as period and phase) is obtained from tapping data
produced by listeners. A model for this task would be
required to produce estimates of the probability of each
beat from the musical stimulus. To evaluate the model,
both distributions must be compared. We propose using
the Earth Mover’s distance (or Wasserstein distance) for
this comparison [29]. This distance evaluates how much
probability mass must be moved in order to convert one
distribution into the other. It considers two distributions
with probability mass nearby to be less distant than if their
mass is further apart. In contrast to the more commonly
used Kullback-Leiber divergence, the Earth Mover’s dis-
tance does not require both distributions to have non-zero
mass on the entire support. It also takes into account the
topology of the support as it allows defining a distance be-
tween the bins. We consider the distance between beat
bins (δi, ρi) and (δj , ρj) in the distribution’s support as the
Manhattan distance between the bins. We propose adding
a multiplierMδ to the distance between periods to penalize
the difference in the period more than in the phase. Here,
we useMδ = 5. We also modify the distance calculation to
allow a phase value close to 1 to be also close to 0, given
the circularity of the phase [2, 30]. We present the used
topology in equation 2.

d((δi, ρi), (δj , ρj)) =|δj − δi| ×Mδ+ (2)

min(|ρj − ρi|, 1− |ρj − ρi|)

To test the proposed distance we generated pairs of dis-
tributions from increasingly distanced phase bins. Figure
5 presents the mean Earth Mover’s distance and Kullback-
Leiber divergence calculations for 20 simulations at each
possible phase distance. We observe that the proposed dis-
tance increases linearly with the distance in phase between
the distributions and then decreases when the distance in
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Figure 5: Distance metrics for two distributions only
shifted in phase. The Earth Mover’s distance is propor-
tional to the shift in phase and responds to the circularity
of phase. When the shift is greater than 0.5, the distance
decreases.

phase is reduced by the corresponding circularity. Con-
trastingly, the Kullback-Leiber divergence fails to capture
the proximity of the distributions.

3.1 Baseline models

We now present three reference models to provide an
overview of the expected distance values for the task, as
well as exemplify a first approach. The models are de-
signed to take as an input a series of onset times, equivalent
to the stimuli used in the experiment. The models are also
expected to provide a discretized beat distribution, consid-
ering the support described in section 2.1.2. We describe
the models and present their scores on the training subset.

The first reference model is the uniform distribution on
any beat, i.e.: p(δ, ρ|stimulus) ∝ 1. Although a uniform
distribution might not have the largest distance to the target
distribution, we will use its distance to express the scores
of the models with respect to it. In case the estimated distri-
bution is more distant than a uniform distribution, the score
will be higher than 1. The second reference model is fixed
on phase 0 and only provides non-zero probability for peri-
ods δ1..4 = {0.5, 1, 2, 4}. The model, named Phase Zero,
is expressed in equation 3. The probability Di provided to
each period was calibrated by fitting a Gamma distribution
to the distribution of tempos selected by the participants in
the isochronous stimuli of the training subset.

p( δ, ρ | stimulus) ∝

{
Di if δ = δi and ρ = 0

0 otherwise
(3)

The third reference model, named Beat, assigns proba-
bility proportional to a beat fitness score multiplied with a
prior distribution on the period. The fitness score projects
the given period and phase throughout the length of the
stimulus and evaluates whether the projected beat times
coincide with musical onsets. Coincidence is measured
as the density of a Gaussian window centered on the ex-
pected beat time with variance σw = 0.1×δ [31]. To avoid
favoring faster or slower tempos, the number of correctly
predicted beat times is multiplied by the number of cor-
rectly predicted onset times [22]. The model is described
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Distance Rel. Dist.
Model

Beat 6.740872 0.398315
Phase Zero 7.307728 0.460842
Uniform 17.895050 1.000000

Table 1: Evaluation scores on training subset for reference
and baseline models. Distance is the mean Earth Mover’s
distance of each estimated to each empirical beat distribu-
tion. Relative Distance is the mean distance, relative to the
distance of the uniform distribution, per stimulus. Lower
values mean a closer estimation to the target distribution.

in equation 4. The prior for the period is given by the same
Gamma described above. The distribution provided by this
model is later filtered by turning to zero all beat bins where
probability is below the 95th percentile, as only the most
salient beats are expressed by a listener’s tapping.

p( δ, ρ | stimulus) ∝ score(δ, ρ, stimulus)× prior(δ) (4)

score(δ, ρ, s) =
[
∑
j maxbW ((γb − pj)/(0.1δ))]2

|p| × |γ|

with γb the onset times and pj the projected beat series.

In Table 1 we present the average Earth Mover’s dis-
tance for each model’s beat distribution to the tapping data.
The table also presents the mean relative distance when
compared with the uniform model for each stimulus. In
this evaluation, the isochronous stimuli are excluded from
the evaluation since they were used to calibrate the period
prior. The table shows how assigning most of the distri-
bution to phase zero reduces the relative distance from the
uniform distribution by half. The Beat model adds a 6%
improvement. In Figure 6 we present a sample of esti-
mated and empirical beat distributions from the training
dataset for the Beat model. We present the two closest and
two most distant estimations in the dataset.

4. DISCUSSION

We propose a new MIR task consisting of estimating the
probability distribution of which beats are perceived by lis-
teners for a musical stimulus. For this task, the beat is
modeled as a 2d distribution of period and phase. The pro-
posal includes a methodology for obtaining the distribution
from tapping data of listeners and an evaluation metric for
comparing estimated and empirical distributions.

The entire pipeline behavior was assessed on simulated
tapping data. It was also tested on experimental data from
listeners tapping to a self-selected beat while exposed to
rhythms of different complexity. We also propose a set of
reference models that estimate the beat distribution from
the stimulus.

Modeling the beat considering period and phase extends
previous analyses of beat ambiguity that mainly focused on
tempo. The phase adds another dimension, as some beat
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Figure 6: Sample of the two best (top rows) and two
worst (bottom rows) beat distribution estimations by the
beat model (left column).

ambiguity comes from where to tap, instead of at which
speed. The modeling also allows a more detailed analy-
sis of the concept of pulse clarity. For example, low pulse
clarity may be due to multiple competing beat interpreta-
tions or to a single beat that is hard to follow. In the 2d
distribution, the first scenario would be portrayed as mul-
tiple separated bins with equal probability and the second
one as having all probability mass concentrated, but with
no clear mode. Furthermore, the pipeline can be applied to
tapping data from single or multiple listeners, exhibiting
individual beat ambiguity or group disagreement.

This proposal can be further developed into modeling
the distribution of beat series. In the beat tracking task,
models are required to produce one beat track and there-
fore cannot capture situations where annotators disagree
because more than one beat is reasonable. Another limita-
tion to this approach is that it does not allow modeling non-
isochronous beats. This would require a richer description
of the beat which may not be as simple to visualize.

Finally, the focus on both dimensions of the beat, period
and phase, is required for models of the meter. The added
focus on uncertainty can be carried onto meter, yielding
uncertainty on the whole rhythmic interpretation. This, in
turn, can be used for the analysis of expectation in music
as a mechanism driving affective responses. Most recent
theories on this mechanism assign a key role to prediction
error, which takes into account the certainty with which
predictions of future events are made [11, 14]. Estimat-
ing the certainty of different beat estimations constitutes
an initial step in this direction.
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