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1.1 Applications of segmentation

A number of problems brought up by large databases of audio files would be simplified
by the existence of a reliable method for automatic segmentation at a meaningful level.
Perhaps most obviously, summary generation is strongly connected to segmentation:
given a good segmentation at the timescale of a musical section, a good summary (or
thumbnail) for an audio track is likely to be given by the most common segment. In
Western pop music, this is likely to be the chorus.

A relevant segmentation is closely related to the structure of music; while most mu-
sic exhibits structure on more than one level (a subject to which we return in Section
8.1), a segmentation even on just one of those levels could be used to inform a user in-
terface for efficient navigation both within songs and across a collection of recordings.

Segmentations can also be used as partial fingerprints for identifying tracks; while
the structure of Western popular music is relatively well-established, there is still suffi-
cient scope for variation that the information in a segmentation can help to distinguish
between different songs (and likewise to identify different performances of the same
song). Finally, segmentation is of assistance in content-based music query systems,
both in analysing queries (which might well be entire tracks, in some kind of stylistic
proximity search) and to reduce the search space in matching a query against a database.

1.2 The problem of over-segmentation

There are several possible causes of over-segmentation. Logan and Chu (2000) im-
plicitly note, in the context of phrase summarization, one of these causes: a mismatch
between the number of distinct segment labels requested and the information in the
signal being segmented. If more labels are assigned than are required, then necessarily
some of the desired segments will be mislabeled; in addition, each label will model
a smaller volume of the feature space, which might cause individual segments to be
fragmented to an undesired level of detail. Logan and Chu first generate a segmenta-
tion using k-means clustering or HMM (hidden Markov model) state path decoding
and then perform an ad hoc aggregation to produce the key phrase. Similarly, Peeters,
Burthe, and Rodet (2002) note the over-segmentation from a k-means based segmen-
tation, and reduce it by training and finding the state path with an HMM with fewer
states than the number of k-means clusters.

Another potential source of over-segmentation is the underlying model of the seg-
ments, where the features determining the desired segmentation are themselves not
modelled over the right timescale for the desired segmentation. This can occur even
when the number of segment labels is appropriate for the level of detail, as disparate
parts of different segments might be more similar to each other than adjacent parts
in one segment (see Fig. 2 for a schematic illustration). In Abdallah et al. (2005), a
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Fig. 2 A schematic illustration of fragmentation in the algorithmic segmentation when the number of
segment labels is the same in both algorithmic and desired segmentations
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degree of control over this form of excess segmentation was achieved through the use
of mean-field clustering (see Section 4.2) and also through the use of large analysis
windows, which have the effect of smoothing the landscape and so providing fewer
opportunities for oscillations in the dynamics of the model.

However, the solution of using large analysis windows is unsatisfactory, as the
precision of any boundary placement will be inversely proportional to the size of
the window: the resolution of the segmentation will be limited to the window size.
In addition, the smoothing performed by large analysis windows can cause salient
short-time details to be missed.1

Instead of using large analysis windows, we present in this paper an approach
where we define a duration model: a probability distribution for the length of a single
segment. This duration model is used to construct a prior probability distribution
for segmentations themselves, weighting (with our choice of duration model) the
posterior probability for a segmentation away from those with many short segments.
This approach does not suffer from the loss of resolution that the approach using large
analysis windows does, as it is the duration prior, rather than the length of the analysis
window, which tends to encourage averaging of signal features over longer contiguous
intervals; the system remains capable of responding to short-timescale signal features.

1.3 Overview

The rest of this paper is organized as follows: we describe previous approaches to
musical audio segmentation in Section 2. Section 3 describes the low-level signal
processing we perform on an audio signal to generate a time-ordered set of feature
vectors. We describe established methods for segmentation by clustering in Section 4,
before introducing a duration prior for segment lengths in Section 5 and deriving and
explaining our novel algorithm for segmentation given an explicit prior probability in
Section 6. We present our experimental evidence in Section 7, before discussing scope
for further work and concluding in Section 8. Some notational conventions are given
in the Appendix.

2 Previous work on segmentation of music

The approach taken by most of the methods summarized below (as well as our own
contribution described here) is to consider some local properties of the signal, analo-
gous to ‘texture’ in vision, and assert that the segments are ‘texturally’ homogenous
regions over which distributions of those properties are relatively constant. This im-
plies that the boundaries can only appear where there is a local change in the texture.
Although this has been the most common approach to segmentation from audio, it will
fail in certain circumstances: consider a song which contains two separated verses in
the first half but two consecutive verses in the second. If we successfully identify a
local property which corresponds to ‘verseness’, that is, the property is true whenever
a verse is in progress, we will detect the first two verses as individual segments but

1 These details could be accounted for in an ad-hoc way, for example, by quantising or biasing boundary
positions to onset times found by a separate higher-resolution onset detector.
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The HMMs are not shared between input signals; there is one per song. Each HMM
is trained using the Baum-Welch method, after which the most probable state sequence
for the trained HMM is determined using the Viterbi algorithm.

Although we use hidden Markov models, we do not use the most likely HMM state
occupancy directly as a proposed high-level segmentation, because the dynamics of
an HMM are such that it does not favour long, connected segments of a single state.
Instead, we use the HMM as a song-specific model of short-term spectral dynamics.
The HMM states and their output distributions cover and discretise the space of typical
spectral shapes for each piece while respecting a degree of temporal coherence be-
tween adjacent frames. When we come to modelling segment classes with particular
distributions over HMM states, these distributions correspond to distributions over
spectral shapes which may be difficult to model directly in the continuous spectral
space, using, for example, a small number of Gaussian components. These consid-
erations suggest that we use a relatively high number of hidden states in our models
to represent a large number of sound types, rather than restricting our models to a
number of states corresponding to the typical number of segments in a song.

Finally, we take the state sequence from the Viterbi algorithm and generate state
path histograms using another sliding window, counting the number of each state
present in the window.

The motivation behind this histogramming step comes from the histogram cluster-
ing method against which we compare our duration-modelling approach, and can be
understood by considering the geometry of clustering histograms. The space of short-
term histograms over a finite alphabet (in this case, the set of available HMM states)
is necessarily discrete, and for very short windows, quite small, as shown in Fig. 3. In
the case of few HMM states and few observations per histogram, there simply isn’t
room in this space for many distinct clusters to form. By using a longer window, we
enlarge the space of possible histograms so that a clustering algorithm is more likely
to find some interesting structure.

These considerations are less relevant for the duration-aware model we describe in
Section 5, since, using a duration prior which penalises short segments, the distribution
over HMM states for each segment type (obtained by averaging over instances of that
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Fig. 3 Histogram spaces for short-term histograms over a domain of 3 HMM states (hence the 3 axes:
one for each bin count), for window lengths of (a) 2 and (b) 6. Each point represents a possible complete
histogram. Note how, in (a), there is little room for any clustering in the conventional sense, but in (b), there
begins to be enough room for well-separated clusters surrounded by low density regions

Springer





Mach Learn (2006) 65:485–515 495

of the j th state, then the joint probability of the pair ( �x , k) (assuming that all the
observations are associated with a single realization of the class variable k) is

p( �x , k | � ) = W ( �x)

(
M∏

j= 1

[
pX |C ( j | k, � )

]x j

)

pC (k | � ), (5)

where W ( �x) is the multiplicity factor for the histogram �x and accounts for the number
of distinct ways in which that histogram could have been realised.

Given a sequence of L such histograms encoded as an array �X � NM× L , where the
i th column of �X is a histogram over M possible HMM states, and a corresponding
sequence of class assignments �c � (1..K )L , the overall log-probability of the pair
( �X , �c) with respect to the model parameterised by � = �A, with pC (k | � ) = 1/ K , is

log p( �X , �c | � ) =
L∑

i= 1

(

log W (X :i ) Š log K +
M∑

j= 1

X ji log A jci

)

(6)

where X :i denotes the i th column of the array �X . If we assume that each histogram
contains the same number of observations J , then Stirling’s approximation yields

log p( �X , �c | � ) �
L∑

i= 1

(
M∑

j= 1

X ji log
A jci

X ji
+ J log J Š log K

)

(7)

For the purposes of constructing an energy function, we can disregard any additive
terms independent of �c and � . Hence, the following energy function is sufficient to
specify the model exactly 4:

� (�c, � ) =
L∑

i= 1

M∑

j= 1

K∑

k= 1

� (k, ci )X ji log
X ji

A jk
. (8)

The model’s parameters are optimised using a Deterministically-Annealed EM
(DAEM) algorithm as described by Puzicha, Hofmann, and Buhmann (1999); the
end result is a maximum a posteriori estimate for the class assignments �c and the
class-conditional distributions �A.

5 Modelling temporal coherence

When applied to the problem of audio segmentation, the clustering algorithms de-
scribed in Section 4 often result in more fragmented segments than we would like to
see. This is partly because such methods do not model any expectation of temporal

4 Note that the use of Stirling’s approximation for the multiplicity factor does not affect the validity of
the energy function, since both the multiplicity and its approximation are functions of �X alone, and hence
constants in any given problem.
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implied by the sequence of class assignments �c and neglecting constant terms:

� 
 (�c, � ) = � (�c, � ) Š log pC 
 (�c).

=
L∑

i= 1

M∑

j= 1

K∑

k= 1

� (k, ci )X ji log
X ji

A jk

+
∑

l

� H(
 Š1fdM (dl(�c)), �, � ) (14)

In our experiments, the parameters of the duration prior were treated as given, not
subject to optimization as part of the algorithm, and therefore need not be incorporated
into the parameter � .

We have described the segmentation model using the histogram observation model
used in the histogram clustering method, but it can just as easily be applied to any
observation model for which we can compute and optimise likelihoods, such as a
Gaussian mixture model.

The duration prior introduces a strong coupling between the class variables at nearby
sites on the discrete timeline, which makes the posterior density p(�c | �X , � ) rather
difficult to work with as part of an EM, or DAEM (deterministically annealed EM)
algorithm. Although it may be possible to construct a good variational approximation
to this posterior by exploring alternative parameterizations, our initial approach has
been direct Markov chain Monte Carlo (MCMC) simulation of the posterior, which
replaces the exact E-step. The statistics collected during the simulation are used in the
M-step.

6 Inference methods

6.1 Markov-Chain Monte Carlo algorithms

The following MCMC algorithms all fit into the general framework of a Metropolis-
Hastings sampler, but with different proposal distributions. See, e.g., Robert & Casella
(1999) for a general introduction to MCMC methods.

6.1.1 Gibbs sampling

A Gibbs sampler (Robert & Casella, 1999) is a Metropolis-Hastings algorithm in which
the proposed steps involve a change in just one component of a multi-component state
variable, chosen in such a way as to ensure that the probability of accepting the
step is 1. In our case, the state variable is the class-assignment sequence �c : CL , and
each step involves resampling one of the class assignments, e.g.the i th one ci , from the
conditional distribution p(ci | c1..L\ i , �X , � ), where c1..L\ i denotes the sequence of class
assignments with the i th element removed. The site i to be updated at each iteration
can be chosen at random from a uniform distribution on 1..L (as in Algorithm 1,
describing one step of the Gibbs sampler) or in some some deterministic pattern
that visits all sites equally often. This prescription ensures that no other steps are
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Fig. 4 The prior used for segment durations

needed to ensure detailed balance. In Algorithm 1 and henceforth, we denote the
target probability distribution over class assignment sequences as pt : pdf(CL ), and
the sequence obtained by assigning sites i.. j in the sequence �c to class k as �c� k

i.. j . In the
following, U(1..L) denotes a random variable distributed uniformly over the integers
1 to L .

Algorithm 1 MCGibbs: (�c, pt ) �� � c�

i � sample from U(1..L)
k � sample from pdf p(k | c1..L\ i , �X , � ) 
 pt

(
�c� k

i..i

)

�c� � � c� k
i..i

Unfortunately, while the Gibbs algorithm ensures that every proposed step is taken,
it also means that, once any contiguous segments have formed, almost all proposed
steps involve no change of state. This is because a duration prior of the sort we are
interested in (such as that in Fig. 4), favouring longer segments and penalising very
short ones, will strongly inhibit the formation of the very short segments that would
result from changing the classification of single sites embedded in longer segments.
It also means that the algorithm has trouble eliminating short incorrectly classified
domains. The result is that, with a strong duration prior, we would have to sample for
a long time to explore the space of probable configurations and therefore to have any
confidence in the EM optimisation as a whole; the ‘wrong’ segmentations get frozen
in and cannot be rectified.

The same phenomenon, known as ‘critical slowing down’, is observed in Gibbs
or Metropolis simulations of spin systems (e.g. the Ising or Potts models) as the
temperature approaches the ‘critical temperature’ at which the correlation length
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Fig. 6 Two ‘cliques’ of configurations that are linked by reassignment of the central interval. Each a, b,
or c represents a sequence of sites classified a a, b, or c, so each arrow represents a block assignment of
the central section. The expressions above and below the boxes show the relative probabilities of proposing
the central section in each case; the common factor is � = (l/ L)(1 Š � )(lŠ1) (see Eq. (15)). The arrows
are labelled by the relative probability of the step according to the sampling distribution. These five cases
include all possible local configurations for the central domain within the context of the two neighbouring
segments, up to permutations of the labels

In the following, we will need to refer to members of the set of configurations
obtained from a base configuration �c � CL by reassigning the sites in the interval
i.. j . We can think of this set of configurations �c� k

i.. j for possible class assignments
k as a ‘clique’, in the sense that each one can be reached by a block reassignment
from all the others (see Fig. 6). Note that, for i.. j to be a valid domain proposition, the
configuration �c must itself be a member of the clique, with �c = �c� k

i.. j (see choosedomain
in Algorithm 2) for some k.

The domain selection phase of the Wolff algorithm implies that the probability of
choosing the domain i.. j given an initial configuration �c = �c� k

i.. j is

pd
(
i.. j | �c� k

i.. j

)
= l

L (1 Š � )lŠ1� 2Šb(�c,i.. j,k), (15)

where l = j Š i + 1, the number of sites in the domain, and b is the same boundary
counting function as defined in Algorithm 2. Let the subsequent probability of assign-
ing this domain the class k � be denoted by r (k � | k, i.. j, �c). The overall probability of
moving from �c� k

i.. j to �c� k �

i.. j is then

T (k � | k, i.. j, �c) = r (k � | k, i.. j, �c)pd
(
i.. j | �c� k

i.. j

)
. (16)
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