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Abstract. Hypermetre is the metric structure between the timescales
of bars and sections in a piece of music. Modelling hypermetre could
make existing downbeat tracking and structure analysis algorithms more
robust. However, this topic is under explored compared to downbeat
tracking and structure analysis, perhaps due to the lack of annotated
data for training. In this work, we evaluate the success of using existing
downbeat tracking algorithms to perform hypermetre tracking, proposing
five methods to do so. We define four levels of hypermetre complexity,
and find that a straightforward baseline is best for the simplest cases,
but that adaptations of downbeat trackers can perform better for more
complex cases.

Keywords: Hypermetre · Downbeat tracking · Music Information Re-
trieval.

1 Introduction

Hypermetre is the metrical structure that lies between the shorter timescale of
downbeats and bars and the longer timescale of structural sections (e.g., chorus,
verse and bridge) [16]. Figure 1 illustrates how hypermeasures are built out of
bars, and how sections are in turn built on hypermeasures.

Meter tracking is harder when the time signature is inconsistent. Similarly,
hypermetre tracking is harder when the hypermetre varies. Changes in hyperme-
tre appear to be much more common than changes in metre [20]. This appears
to be the case for the McGill Billboard Dataset (MBD) [3], a set of chord and
section annotations for a set of pop music from the 1950s to the 2000s that
appears to also indicate hypermetric groupings of bars (see Section 4.1). Out
of 1092 annotations, fewer than 1% contain a change in time signature (e.g.,
from 4/4 to 3/4); by contrast, a majority of songs (64%) contain an apparent
change in hypermetre; e.g., from a pace of 4 bars per hypermeasure to 5 bars
per hypermeasure.
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Fig. 1. Illustration of how hypermeasures relate to other units of time in a piece.

Using structural information as a constrain template has been found to be
e!ective in guiding systems that generate music [17]. Despite this, and despite
hypermetre being a well-known topic among music theorists [6], most prior re-
search on segmentation has focused on downbeat tracking and structure analysis,
making hypermetre an under explored topic in comparison.

In this work we explore using existing downbeat tracking algorithms to per-
form hypermetre tracking. We propose five methods that use the output of exist-
ing beat and downbeat trackers to predict hypermetre. We build simple systems,
including: one that makes strong assumptions about the hyper-time signature;
one that uses a downbeat tracker with extreme parameter settings; two that ap-
ply standard downbeat tracking to modified versions of the audio; and one that
takes an structure analysis approach.

Finally, we identify the MBD as a valuable source of hypermetre annotations.
We describe its properties and discuss the appropriateness of using this data to
evaluate hypermetre prediction systems.

2 Related Work

2.1 Beat and Downbeat Tracking

Hypermetre tracking is similar to Beat and downbeat tracking, but at a di!erent
timescale, as shown in Figure 1. In this figure, the beat timescale would corre-
spond to each crotchet, the downbeat timescale would correspond to the first
beat of each bar, and the hypermetre timescale would correspond to the first
crotchet in the bars with the circled annotation of 1.

Research of systems that predict metre focused firstly on the beat and down-
beat timescales. Those early examples of metre tracking took a feature engineer-
ing approach like [7, 9] in which induction and dynamic programming algorithms
complement the feature engineering approach to predict beats and downbeats.
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Feature engineering based methods were later surpassed by Machine Learning
(ML) methods in performance, and seemed to have shifted the focus to the
downbeat timescale.

A typical modern approach to beat and downbeat tracking (shared by [10,
12, 5, 21, 4, 2]) is to train a neural network to estimate beat and downbeat times,
and post-processes the estimates with a Dynamic Bayesian Network (DBN) to
resolve metrical ambiguity, stabilise the tempo, and fix the time signature.

A second approach that uses ML is to use self-supervised model [13, 14] to
predict metre at di!erent timescales as a hierarchical tree. In these works, the
di!erent timescales are modelled as hierarchical levels, assuming binary structure
regularity. It is also acknowledged that the performance drops when this binary
regularity is not present, which is often the case at higher metrical hierarchies
(any metre level beyond the bar is regarded as hypermetre). They use their
own predicted beat and downbeat information as a basis to predict the metric
hierarchy instead of relying on existing downbeat trackers or annotations.

In this work, we use one of the models [2] included in the widely available
Python library Madmom [1], which uses the first approach of training a ML
model. We propose, use and evaluate systems that use [2] that are incapable
of modelling time signature changes, which is important for the hypermetre
timescale. However, our aim in doing so is to assess how much this limits per-
formance in a di!erent context: the prediction of hyperdownbeats.

2.2 Music Structure Analysis and Segmentation

The aim of music structure analysis (MSA) is to split a piece of music into
meaningful sections (e.g., intro, chorus and bridge). In Figure 1, we can see that
a section is typically formed of several hypermeasures. Thus, another reasonable
way to predict hypermetre could be to approach it "top-down", starting with a
structural analysis and predicting hyperdownbeats based on that.

Segmentation analysis usually works with hierarchies that refer to ‘sections’,
‘phrases’, ‘motives’ and ‘notes’ [18]. In contrast, the metrical hierarchies are
‘beat’, ‘downbeat’, and ‘hyperdownbeat’ [13]. Thus, MSA methods focus on
identifying repeated melodies and sequences and sudden changes [19], whereas
hypermetre may relate instead to a sense of pulse. This approach is reasonable
since at the hypermetre timescale, there is a sense of pulse that is strongly re-
lated to the segmentation hierarchies, in special the phrase hierarchy, which may
overlap perfectly with hypermetre for certain musical genres like pop or rock.

The fact that MSA systems do not model hypermetre explicitly may be due
to a lack of training data. For example, the All-In-One system [15] takes an
integrated approach that performs beat, downbeat tracking and segmentation
analysis in the same system, recognising that these are all related tasks. In
the next section, one of the proposed systems attempts to insert hypermeasure
predictions into the output of All-In-One.
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3 Methods

None of the tools we have used in this work (Madmom and All-In-One) were de-
signed to handle time signature changes; therefore, we don’t anticipate that any
of them will be able to predict hyperdownbeats all that accurately, especially
when there are hypermetre changes. Training a model to predict hypermetre
seems like a reasonable approach, since hypermetre is similar to downbeat track-
ing but at a di!erent timescale, but because of the lack of hypermetre annotated
training data, we firstly propose and evaluate these baselines.

Baseline This method assumes that the hypermetre is in four: i.e., that bars
occur in groups of four. This assumption makes a reasonable baseline since, of
the songs in MBD, 93.5% have a 4/4 time signature and 77% of the hyperbars
are four bars long.

This algorithm estimates the downbeats using the Madmom library. Once we
have the downbeats, we assume that every fourth downbeat is a hyperdownbeat,
starting with the first. This method relies on the accuracy of prediction of the
downbeat: if it is predicted incorrectly (e.g. the first downbeat predicted as beat
3 in a metre of 4), then predictions of hypermetre would propagate this error to
the remaining predictions.

Slow-Tempo Hyperdownbeats move at a slower timescale than downbeats.
Thus, by setting the downbeat tracker included in the Madmom library to target
the hypermetre timescale, we can use it to perform hypermetre tracking.

The default tempo range used by Madmom for inference is 55–215 beats per
minute (according to its documentation), or 13–53 downbeats per minute in a
4/4 metre. However, we can set the tempo range parameter freely. If we direct
Madmom to use a tempo range of 13–53 bpm, then it may predict "beats" that
are in fact downbeats, and "downbeats" that are in fact hyperdownbeats, in the
range of 3–13 per minute.

With this algorithm, we expect poor predictions of downbeats at the hyper-
metre scale because the downbeat tracker [2] included in Madmom was trained
with music that includes the range 60–224 bpm (this is the tempo range for the
ballroom dataset [11], which was used along other datasets to train [2]) and we
are using it for 3–10 bpm.

Accelerated The approach of the Accelerated method is to speed up the
music, so that we can use Madmom with its default target tempo range (i.e.,
the default range of 55 - 215 bpm). Then, as with Slow-Tempo, we interpret the
predicted downbeats as hyperdownbeats.

We use the “e!ects.time_stretch” acceleration function provided by librosa to
accelerate the songs. Then, we divide the predictions of the accelerated version
by the speed-up factor to get hyperdownbeat predictions on the non accelerated
song. Looking at di!erent acceleration factors (2, 3 and 4) on a subset of 26
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songs (we chose the first 26 songs from the MBD, we used this subset later
to validate the annotations), we observed that a 3x speed-up worked best. A
factor of 2x predicts the same points in time as downbeats and for a factor of
4x, consecutive fast onsets started to be considered a single one, shifting the
location of the prediction outside the tolerance interval of 0.5s. Accelerating by
3x seemed to reach a happy medium.

Decimated An alternative way to speed up the audio without warping the
timbre is to ‘decimate’ the song by deleting all but the first beat of every bar.
If we predict the beats and downbeats of such a ‘decimated’ track, this could
indicate the downbeats and hyperdownbeats of the original audio.

That is the approach of the Decimated method: given an input track A,
we first use Madmom to predict the beats and downbeats of A. Then we select
the first ‘beat-span’ of each bar (i.e., from the onset of the first beat to the
onset of the second) and concatenate these to produce a new ‘decimated’ audio
track AD. Finally, we use Madmom again to estimate the beats and downbeats
of AD. The predicted beats of AD should correspond to the downbeats of A,
and the downbeats of AD should correspond to the hyperdownbeats of A. For
this algorithm, we expect phase error propagation in cases when downbeats are
predicted incorrectly.

Interpolated The Interpolated method relies on a segmentation approach and
can be considered a top-down approach.

This algorithm takes the segmentation predictions at the section level per-
formed by the All-In-One system [15] and interpolates between them to predict
additional hyperdownbeats at each section’s midpoint (i.e. take the average of
start and end times of the section as an interpolated hyperdownbeat).

This assumption is based on the fact that a symmetrical organization of
musical ideas is common according to [20]. It also matches the assumption of [13]
that sections have binary form. Thus, the Interpolated method should produce
poor results when this assumption isn’t met.

4 Experiments

4.1 Data: The McGill Billboard Dataset

The McGill Billboard Dataset [3] annotations contain time signature and key,
beat-level chord labels, and structural information. According to the dataset
creators, “Each transcription is broken with line breaks into phrases, which are
defined loosely as any point where a group might choose to start playing during a
rehearsal” [3]. Although this guideline for annotators seems vague, we inspected
a subset of the first 26 songs (which contains at least one example for the decades
from 1960–1990) and found that every line break downbeat was more important
than the downbeats of the rest of the line, even when the line breaks were not
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Fig. 2. Distribution of hyperbar lengths in bars for the MBD. The remaining 0.4% of
the data consists of hyperbar lengths measuring 7, 9, 10, 11, 12, 13, 14, 16, and 17 bars.
These annotations require review and modification because they sometimes indicate
the repetition of a di!erent hyperbar length. For instance, an annotation might show
that a hyperbar of 4 bars repeats four times, resulting in a 16-bar line. This correctly
reflects the final length of a 4 hyperbar section, but it is needed to insert additional
linebreaks to make the annotations more consistent with hypermetre.

equally important. Then we used the whole dataset (1092 songs) to perform the
analysis and the experiments.

In Figure 2 we can see the distribution of the bar count per line in the MBD.
Musical phrases that have a duration of four measures are common (77%).

Fig. 3. Distribution of di!erent types of hypermetre changes in the MBD songs.

An analysis of bar-based line lengths in the MBD, particularly where these
lengths change, shows di!erent perceived e!ects. For example, a song might
change from a 4-bar line to an 8-bar line before returning to 4. A change that
doubles the line length in this way is often imperceptible. However, a change
from a 4-bar line length to a 2-bar line length is perceived di!erently, more
similar to a temporary change in time signature. This would be the case also for
line length changes by a factor di!erent of two (e.g. from 4 to 5 and then back
to 4)

We define four categories of songs based on how the hypermetre changes
within them:

Constant : hypermetre is constant in the whole song.
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Anacrusis: the changes in hypermetre occur only at the first or the last
hyperbar, thereby acting as a kind of ‘pickup’, but constant otherwise.

Octave change: the duration of two consecutive hyperbars di!er in length,
doubling the bar (e.g., changing from 4 to 8, or from 3 to 6).

Odd change: the duration of two consecutive hyperbars di!er in length by a
factor other than two (e.g., a change from 4 to 5), or the length is halved (e.g.,
a change from 4 to 2)

Figure 3 shows that only 28% of the songs in the MBD have a regular
(Anacrusis and Constant) hypermetre (constant except for at the beginning and
end), whereas 72% of songs are irregular in some way.

4.2 Evaluation Metrics

To evaluate the systems, we use the same evaluation metrics as in beat and
downbeat prediction: precision, recall and F-measure.

We choose a tolerance of 0.5 s for a prediction to be considered as correct. This
tolerance is a balance between the tighter tolerance of 0.07 s used for downbeat
tracking [8, 2] and the largest 3 s tolerance used in Music Structure Analysis [19,
18].

4.3 Results

Fig. 4. Violin plot of the distribution of F-measure (with mean) achieved by the five
systems for all 1,092 songs in the MBD.

Results in Figure 4 show that the methods with the best average F-measure
are Interpolated and Baseline (F̄ = 0.44), followed by Decimated (F̄ = 0.43) and
Accelerated (F̄ = 0.35), with Slow-tempo in a distant last place (F̄ = 0.12). The
distribution in F-measure (we take each song’s F-measure for the violin plot per
method in Figure 4 and take the average as a summary metric of the method) has
a roughly uniform shape for Baseline and Decimated: some songs are modelled
perfectly and others very poorly. In contrast, the Interpolated method’s results
have a bell curve shape: the system usually gives a mediocre prediction.

We expected each method to perform worse when there were changes in hy-
permeasure length. To assess the impact of these changes, we plot the F-measure
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again in Figure 5 according to whether the song’s hypermetre is Constant or
whether it contains Anacrusis, Octave changes, or Odd changes.

For Baseline, when applied only to songs with constant hypermetre, the av-
erage F-measure is F̄ = 0.77, much higher than the overall average F̄ = 0.44.
The performance of the Decimated method also decreases when the complexity
of the hypermetre increases (from F̄ = 0.55 for Constant to F̄ = 0.37 for Odd ).

When we consider songs with irregular hypermetre (i.e., Odd cases), which
comprise 64% of the dataset, the best performing method is Interpolated (F̄ =
0.42), by a slight margin over the Baseline (35%) and Decimated (37%).

The F-measure for Slow Tempo is F̄ = 0.12 as shown in Figure 4, a poor
result that is not a!ected much by the presence of hypermetre changes.

Fig. 5. Average F-measure performance per method and per classification of hyperme-
tre change.

5 Conclusion

Can downbeat trackers predict hypermetre? We found that they can, sometimes,
but not reliably: the distribution in F-measure ranged from 0.0 to 1.0 for most
systems, but the average F-measure was always below 0.5.

The success of these methods appears to be limited by the complexity of
hypermetre changes, from Figure 5, we can observe that each method performed
worse on songs with odd hypermetre changes compared to those with constant
hypermetre.

A hyperdownbeat tracking algorithm that is unable to handle hyper-time
signature changes or anacrusis should expect to predict perfectly at most 15%
of the songs in the MBD.

Based on the trends evident in Figure 5, we can see that the inability to
handle changes in metre reduces the accuracy of the predicted hyperdownbeats.
We are relying on beat and downbeat trackers to perform hypermetre tracking,
which in turn relies on the assumption of a constant time signature. The presence
of non-regular hyper-time signatures indicates that the assumption of constant
metre would not yield good results at the hypermetre timescale, highlighting the
need of research algorithms that handle metre changes at this timescale.
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