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Abstract

Intuitively, music has both predictable and unpredictablecomponents. In this work we assess this

qualitative statement in a quantitative way using common time series models fitted to state-of-the-art music

descriptors. These descriptors cover different musical facets and are extracted from a large collection of

real audio recordings comprising a variety of musical genres. Our findings show that music descriptor

time series exhibit a certain predictability not only for short time intervals, but also for mid-term and

relatively long intervals. This fact is observed independently of the descriptor, musical facet and time

series model we consider. Moreover, we show that our findingsare not only of theoretical relevance

but can also have practical impact. To this end we demonstrate that music predictability at relatively

long time intervals can be exploited in a real-world application, namely the automatic identification of

cover songs (i.e. different renditions or versions of the same musical piece). Importantly, this prediction

strategy yields a parameter-free approach for cover song identification that is substantially faster, allows

for reduced computational storage and still maintains highly competitive accuracies when compared to

state-of-the-art systems.
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Predictability of Music Descriptor Time Series

and its Application to Cover Song Detection

I. I NTRODUCTION

Music is ubiquitous in our lives and we have been enjoying it since the beginning of human history

[1]. This enjoyment of music is intrinsically related to the ability to anticipate forthcoming events [2]–[4].

Indeed, the meeting of our musical expectations plays a fundamental role in the aesthetics and emotions

of music. Yet, the secret of a good song remains in the right balance between predictability and surprise.

It is this balance that makes music interesting for us. Accordingly, we tend to dislike music that is either

extremely simple or extremely complex [2]–[4]. Paraphrasing Levitin [2], we could say that the act of

listening to music “rewards us for correct predictions” but, at the same time, “challenges us with new

organizational principles”. Thus music seems to be intrinsically predictable and unpredictable at the same

time: we know it has some (predictable) structures and repetitions, but we can also state that there is a

strong random (unpredictable) component.

Although very intuitive, the above dichotomy has scarce quantitative evidence. The majority of quanti-

tative studies have been conducted with music scores or symbolic note transcriptions of selected, usually

Western classical compositions [3]–[8]. Some of them just consider melodic, simple, synthetic and/or

few musical examples [6]–[8]. Thus the question arises if quantitative evidence is found in large-scale

corpora of music including different geographical locations and genres apart from Western classical music.

Furthermore, there is a lack of knowledge with regard to the predictability of musical facets other than

melodic or harmonic ones, e.g. timbre, rhythm or loudness. And, what is even more surprising, there

are only few experiments with real recordings [9]–[11]. Suchconsideration is important, since scores or

symbolic representations do not faithfully reflect primary perceptual elements of musical performance

and expressiveness, which are in turn related to our sensation of surprise and to the predictability of the

piece. Finally, existing studies usually restrict the analyzes to the transitions between consecutive elements.

Hence they do not consider different prediction intervals or horizons(i.e. how far in the future we perform

predictions). This fact raises further questions: How does such horizon affect the predictability of music?

Do different musical facets exhibit a similar predictability at short as well as long time intervals? How do

these predictabilities behave in dependence of the prediction horizon? All these questions are important

to advance towards a better scientific understanding of music(c.f. [1]–[11]).
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The questions above can be addressed by using tools from musicinformation retrieval (MIR) [12]–

[15]. MIR is an interdisciplinary research field that aims at automatically understanding, describing,

retrieving and organizing musical content. In particular,much effort is focused on extracting qualitative

and quantitative information from the audio signal of real recordings in order to represent certain

musical aspects such as timbre, rhythm, melody, main tonality, chords or tempo [12], [14]. Quantitative

descriptions of such aspects are computed in a short-time moving window either from a temporal, spectral

or cepstral representation of the audio signal [15]. This computation leads to a time series reflecting the

temporal evolution of a given musical facet: amusic descriptor time series.

Music descriptor time series are essential for quantitative large-scale studies on the predictability

of real recordings. Indeed, when assessing the predictability of such time series, we are assessing the

predictability of the musical facet they represent. A straightforward way to perform this assessment is to

fit a model to the time series and to evaluate the in-sampleself-predictionerror of the model forecasts.

If similar results are observed for a variety of model classes, we can then conclude that what we observe

is, in fact, a direct product of the information conveyed by the time series and not an artifact of the

particular model being employed. In a similar manner, if we work with different descriptor time series

representing the same musical facet, we can be more confident that what we see is due to the musical

facet and not to the particular descriptor used.

In the present work we therefore study a variety of differentdescriptor time series reflecting comple-

mentary musical facets. These descriptors are extracted from a large collection of real recordings covering

multiple genres. Furthermore, we consider a number of simpletime series models, the predictions of which

are studied for a range of horizons. Our analysis unveils that a certain predictability is observed for a

broad range of prediction horizons. While absolute values of the prediction errors vary, we find a number

of general features across models, descriptor time series and musical facets. In particular, we show that

the error in the predictions, in spite of being high and rapidly increasing at short horizons, saturates at

values lower than expected for random data at medium and relatively long time intervals. Furthermore,

we note that this error grows sub-linearly, following a square root or logarithmic curve.

Together with these advances in scientific knowledge, we provide a direct real-world application of

music prediction concepts, namely the automatic detectionof cover songs(i.e. different renditions of

the same musical composition). To this end, we use out-of-sample cross-predictions. That is, we train

a model with a time series of one recording and then use this model to predict the time series of a

different recording. Intuitively, once a model has learnedthe patterns found in the time series of a given

query song, one should expect the average prediction error to be relatively small when the time series of
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a candidate cover song is used as input. Otherwise, i.e. whenan unrelated (non-cover) candidate song

is considered, the prediction error should be higher. Indeed, we demonstrate that such a model-based

cross-prediction strategy can be effectively employed to automatically detect cover songs.

Cover song detection has been a very active area of study within the MIR community over the last

years [16]. This is due to the introduction of digital ways to share and distribute information, which

represent a challenge for the search and organization of musical contents [13]–[15]. Cover song detection

(or identification) is a very simple task from the user’s perspective: a query song is provided, and the

system is asked to retrieve all versions of it in a given musiccollection. However, from an MIR perspective

it becomes a very challenging task, since cover songs can differ from their originals in several musical

aspects such as timbre, tempo, song structure, main tonality, arrangement, lyrics or language of the

vocals [16]. In spite of these differences, cover songs might retain a considerable part of their tonal

progression (e.g. melody and/or chords). Hence the large majority of state-of-the-art approaches are based

on the detection of common patterns in the dynamics of tonal descriptors (e.g. [17]–[20]). Another major

characteristic that is shared among all state-of-the-art approaches for cover song detection is the lack

of specific modeling strategies for descriptor time series [16]. This is somehow surprising regarding the

benefits arising from the generality and the compactness of the description. Indeed, modeling strategies

have been successfully employed in a number of similar taskssuch as exact audio matching [15], in

other MIR problems [12] or in related areas such as speech processing [21].

In the present work we show that a model-based forecasting strategy for cover song detection is very

promising in the sense that it achieves competitive accuracies and it provides advantages when compared

to state-of-the-art approaches, such as lower computational complexities and potentially fewer storage

requirements. But perhaps the most interesting aspect of such strategy is that no parameters need to be

adjusted. More specifically, model parameters and coefficients are automatically learned for each song

and descriptor time series individually. No intervention of the user is needed. Accordingly, the system

can be readily applied to different music collections or descriptor time series.

The rest of the paper is organized as follows. We first present anoverview of our methodology, including

specific details of the employed music descriptor time seriesand the considered models (Sec. II). We

then explain our evaluation measures and data (Sec. III). The results section follows, both on the self-

prediction (i.e. predictability assessment) and on cross-prediction (i.e. cover song detection) experiments

(Sec. IV). A discussion of our model-based strategy for coversong detection is provided (Sec. V) before

we summarize our main findings and outline some future perspectives (Sec. VI).
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Fig. 1. Schematic diagram for self- and cross-prediction experiments.Broken green arrows correspond to the self-prediction

experiments and dotted red arrows correspond to the cross-predictionones. Solid blue arrows correspond to the training phase

for both self- and cross-prediction experiments.

II. M ETHODOLOGY

A. Overview

Our analysis follows a typical modeling and forecasting architecture (Fig. 1). In the case of self-

prediction, we assess the error produced by a model trained on descriptor time seriesi when the same

time seriesi is used as input (Fig. 1, broken green arrows). In particular,this training consists of the

determination of optimal model parameters and coefficients.In the case of cross-prediction, we are

interested in the error produced by a model trained on descriptor time seriesi when a different time

seriesj is used as input (Fig. 1, dotted red arrows). This cross-prediction error is then taken as a

pairwise dissimilarity measure between cover songs (see below). The training of the models is done in

the same way for self- and cross-prediction experiments (Fig. 1, solid blue arrows). All the aforementioned

processes are carried out for a range of prediction horizonsh.

Before we can exploit the concept of cross-prediction errors as a dissimilarity measure, we have to

investigate predictability itself and establish a set of methods (or models) for descriptor prediction. As

input for the models we consider twelve standard descriptortime series reflecting complementary musical

facets related to tonality, timbre, rhythm and loudness. Thespecific descriptors considered are: pitch class

profiles, tonal centroid, harmonic change, Mel frequency cepstral coefficients, spectral contrast, spectral
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peaks, spectral harmonicity, onset probability, rhythm transform, onset coefficients, energy and loudness

(Sec. II-B). As time series models we employ five common, simple time series models, both linear

and nonlinear: autoregressive, threshold autoregressive, radial basis functions, locally constant and naı̈ve

Markov (Sec. II-C).

The cross-prediction error provides an estimation of the dissimilarity between two time series. This fact

is exploited to detect cover songs. As mentioned, the only musical characteristic which is largely preserved

across different cover versions is the tonal sequence. Therefore, for cross-prediction, we only consider

tonal descriptor time series (pitch class profiles, tonal centroid and harmonic change). Importantly, we

use transposed tonal descriptor time series. Cover versions may be played in different tonalities (e.g. to

be adapted to the characteristics of a particular singer or instrument), and this changes might be reflected

in the tonal descriptor time seriesj. To counteract this effect, various strategies have been devised in the

literature [16]. In particular, we here use the so-called optimal transposition index method [22], which is

applied to time seriesj before the forecasting process (Fig. 1, bottom left). This method is commonly

used in a variety of cover song identification systems [16], including our previous work [19], [20]. For

a detailed explanation and evaluation of this transposition method we refer to [22].

B. Music descriptor time series

We use a set of twelve state-of-the-art descriptors reflecting the dynamics of complementary musical

aspects related to tonality, timbre, rhythm and loudness. Some of these descriptors are computed with an

in-house tool specifically designed for that purpose [23], while for others we implement the algorithms

from the cited references. Our focus is not in the descriptorextraction process itself, but in studying the

predictability of different musical facets represented bycommon descriptor time series. Therefore, for

the sake of brevity, we skip the underlying mathematical formulae and details of numerical algorithms

and refer to the citations below.

• Tonality: Within this musical facet we consider pitch classprofiles (PCP) [24], tonal centroid (TC),

and harmonic change (HC) descriptors [25]. The first two represent the tonal content of the song,

i.e. the content related to the relative energy of the different notes of the Western chromatic scale.

The third one represents the degree of change of tonal contentbetween successive windows. Except

for the fact that we employ 12-dimensional vectors, the extraction process for PCPs is the same as

in [19]. Once PCPs are obtained, deriving TC and HC is straightforward [25].

• Timbre: Mel frequency cepstral coefficients (MFCC) are routinely employed in MIR. We use the

Auditory toolbox implementation [26] with 12 coefficients (skipping the DC coefficient). Apart from
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MFCCs we also consider the spectral contrast (SC) [27], the spectral peaks (SP) and the spectral

harmonicity (SH) descriptors [23]. SC is 12-dimensional, SP and SH are unidimensional. MFCCs

and SCs collect general (or global) timbre characteristics.SP quantifies the number of peaks in a

window’s spectrum and SH quantifies how these peaks are distributed.

• Rhythm: We use an onset probability (OP) curve [28] denoting,for each analysis window, the

likelihood of the beginning of a musical note. We also employmore broad representations of rhythm

content like the rhythm transform (RT) [29] or the onset coefficients (OC) [30]. These two descriptors

are computed using a total window length of 6 s, a much longer window than the one used for other

descriptors (see below). This is because in order to obtain a general representation of rhythm, a

longer time span must be considered (e.g. no proper rhythm can be subjectively identified by a

listener in 100 or even 500 ms) [31]. For RT and OC, a final discrete cosine transform is used to

compress the information. We use 20 coefficients for the former and 30 for the latter (DC coefficients

are discarded).

• Loudness: Two unidimensional descriptors related to the overall loudness are used. One is simply the

total energy (E) of the power spectrum of the audio window [32]. The other is a common loudness

(L) descriptor [33], i.e. a psychological correlate of the auditory sensation of acoustic strength.

All considered descriptors are extracted from spectral representations of the raw audio signal in a

moving window (frame by frame analysis). We use a step size of116 ms and, unless stated otherwise,

a window length of 186 ms1. Therefore, our resulting descriptor time series have a sampling rate of

approximately 9.6 Hz (e.g. a song of 4 minutes yields a music descriptor time series of 2304 samples).

These samples can be unidimensional or multidimensional, depending on the considered descriptor. We

denote multidimensional descriptor time series as a matrixS = [s1 . . . sN ], whereN is the total number of

samples andsn is a column vector withD components representing aD-dimensional descriptor at sample

window n. Therefore, elementsd,n of S represents the magnitude of thed-th descriptor component of

the n-th window.

C. Time series models

All the models described hereafter aim at the prediction of future states of dynamical systems based

on their present states [34]. However, the information about the present state is, in general, not fully

1We initially extract descriptors for 93 ms frames (4096 samples at 44100Hz) with 75% overlap and then average in blocks

of 5 consecutive frames.
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contained in a single sample from a time series measured fromthe dynamical system. To achieve a more

comprehensive characterization of the present state one can take into account samples from the recent

past. This is formalized by the concept of time delay embedding [35], also termed delay coordinate state

space reconstruction. In our case, for multidimensional samplessn, we construct delay coordinate state

space vectorss∗n through vector concatenation, i.e.

s∗n =
(

sT
n sT

n−τ · · · sT
n−(m−1)τ

)T
, (1)

where superscriptT denotes vector transposition,m is the embedding dimension andτ is the time

delay. The sequence of these reconstructed samples yields again a multidimensional time seriesS∗ =
[

s∗w+1 . . . s
∗

N

]

, wherew = (m− 1)τ corresponds to the so-called embedding window. Notice thatEq. (1)

still allows for the use of the raw time series samples (i.e. if m = 1 thenS∗ = S).

One should note that the concept of delay coordinates has originally been developed for the recon-

struction of stationary deterministic dynamical systems from single variables measured from them [35].

Certainly, a music descriptor time series does not represent a signal measured from a stationary dynamical

system which could be described by some equation of motion. Nonetheless, delay coordinates, a tool

that is routinely used in nonlinear time series analysis [34], can be pragmatically employed to facilitate

the extraction of information contained inS. In particular, the reconstruction of a state space by means

of delay coordinates allows us to join the information aboutcurrent and previous samples. Noticeably,

there is evidence that such reconstruction can be beneficial for music retrieval [20], [36], [37].

To model and forecast music descriptor time series we employpopular, simple, yet flexible time series

models; both linear and nonlinear [34], [38]–[41]. Since we do not have a good and well-established

model for music descriptor prediction, we try a number of standard tools in order to identify the most

suitable one. All modeling approaches we employ have clearly different features. Therefore they are able

to exploit, in a forecasting scenario, different structures that might be found in the data. As linear approach

we consider autoregressive models. Nonlinear approaches include locally constant, locally linear, globally

nonlinear and probabilistic predictors.

For the majority of the following approaches we use a partitioning algorithm to divide a space into

representative clusters. For this purpose we use a reimplementation of the K-medoids algorithm from

[42]. The K-medoids algorithm [43] is a partitional clustering algorithm that attempts to minimize the

distance between the points belonging to a cluster and the center of this cluster. The procedure to obtain

the clusters is the same as with the well-known K-means algorithm [43] but, instead of using the mean
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of the elements in a cluster, the medoid2 is employed. The K-medoids algorithm is more robust to noise

and outliers than the K-means algorithm [42], [43]. Usually, these two algorithms need to be run several

times in order to achieve a reliable partition. However, thealgorithm we use [42] incorporates a novel

method for assigning the initial medoid seeds, which results in a deterministic and (most of the times)

optimal cluster assignation.

1) Autoregressive (AR):A widespread way to model linear time series data is through an AR process,

where predictions are based on a linear combination ofm previous measurements [38]. We here employ

a multivariate AR model [39]. In particular, we first construct delay coordinate state space vectorss∗n

and then express the forecastŝn+h at h steps ahead from then-th samplesn as

ŝn+h = A s∗n, (2)

where A is the D × mD coefficient matrix of the multivariate AR model. By considering samples

n = w + 1, . . . N − h, one obtains an overdetermined system

Ŝ = A S∗ (3)

which, by ordinary least squares fitting [44], allows to estimate the matrixA. It should be noticed that AR

models have been previously used to characterize music descriptor time series in genre and instrument

classification tasks [45], [46].

2) Threshold autoregressive (TAR):TAR models generalize AR models by introducing nonlinearity

[47]. A single TAR model consists of a collection of AR modelswhere each single one is valid only

in a certain domain of the reconstructed state space (separated by the “thresholds”). This way, points in

state space are grouped into patches and each of these patches is used to determine the coefficients of a

single AR model (piecewise linearization).

For determining all TAR coefficients we partition the reconstructed space formed byS∗ into K non-

overlapping clusters with a K-medoids algorithm [42] and determine, independently for each partition, AR

coefficients as above [Eqs. (2,3)]. Importantly, each of theK AR models is associated to the corresponding

cluster. When forecasting, we again construct delay coordinate state space vectorss∗n from each input

samplesn, calculate their squared Euclidean distance to allk = 1, . . .K cluster medoids, and forecast

ŝn+h = A(k′) s∗n, (4)

2A medoid is the representative item of a cluster whose average dissimilarity toall cluster items is minimal. In analogy to

the median, the medoid has to be an existing element inside the cluster.
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whereA(k′) is theD ×mD coefficient matrix of the multivariate AR model associated tothe cluster

whose medoid is closest tos∗n.

3) Radial basis functions (RBF):A very flexible class of global nonlinear models are RBF [48]. As

with TAR, one partitions the reconstructed state space intoK clusters but, in contrast, a scalar RBF

function φ(x) is used for forecasting such that

ŝn+h = b0 +

K
∑

k=1

bk φ (‖s∗n − ck‖) , (5)

wherebk are coefficient vectors,ck are the cluster centers and‖ ‖ is some norm. In our case we use the

cluster medoids forck, the Euclidean norm for‖ ‖ and a Gaussian RBF function

φ(x) = e
−

x2

2αρk . (6)

We partition the space formed byS∗ with the K-medoids algorithm, setρk to the mean distance found

between the elements inside thek-th cluster and leaveα as a parameter. Notice that for fixed centers

ck and parametersρk andα, determining the model coefficients becomes a linear problemthat can be

resolved again by ordinary least squares minimization. Indeed, a particularly interesting remark about

RBF models is that they can be viewed as a (nonlinear, layered, feed-forward) neural network where a

globally optimal solution is found by linear fitting [40], [48]. In our case, for samplesn = w+1, . . . N−h,

we are left with

Ŝ = B Φ, (7)

whereB = [b0b1 . . .bK ] is aD × (K + 1) coefficient matrix andΦ = [Φw+1 . . .ΦN−h] is formed by

column vectorsΦn = (1, φ (‖s∗n − c1‖) , . . . φ (‖s∗n − cK‖))T.

4) Locally constant:A zeroth-order approximation to the time series is given by alocally constant

predictor [49]. With this predictor, one first determines a neighborhoodΩn of radiusǫ around each point

s∗n of the reconstructed state space. Then forecasts

ŝn+h =
1

|Ωn|

∑

sn′∈Ωn

sn′+h, (8)

where|Ωn| denotes the number of elements inΩn. In our prediction trials,ǫ is set to a percentageǫκ of

the mean distance between all state space points (we use the squared Euclidean norm). In addition, we

require |Ωn| ≥ ν, i.e. a minimum ofν neighbors is always included independently of their distance to

s∗n. Notice that this is almost a model-free approach with no coefficients to be learned: one just needs to

set parametersm, τ , ǫκ andν.
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5) Näıve Markov: This approach is based on grouping inputsS∗ and outputsŜ into Ki and Ko

clusters, respectively [41]. Given this partition, we fill inaKi ×Ko transition matrixP, whose elements

pki ,ko correspond to the probability of going from clusterki of S∗ to clusterko of Ŝ (i.e. the rows ofP

sum up to 1). Then, when forecasting, a state space reconstruction s∗n of the inputsn is formed and the

distance towards allKi input cluster medoids is calculated. In order to evaluate the performance of the

Markov predictor in the same way as the other predictors, we useP to construct a deterministic output

in the following way:

ŝn+h =

Ko
∑

ko=1

pk′

i ,ko cko, (9)

where cko denotes the medoid of (output) clusterko and k′i is the index of the (input) cluster whose

medoid is closest tos∗n.

D. Training and testing

All previous models are completely described by a series of parameters (m, τ , K, α, ǫκ, ν, Ki or Ko)

and coefficients (A, A(k), B, P, ck or ρk). In our prediction trials these values are learned independently

for each songand descriptor using the entire time series as training set. Thislearning is done with no

prior information about parameters and coefficients. More specifically, for each song and descriptor time

series we calculate the corresponding model coefficients fordifferent parameter configurations and then

select the solution that leads to the best in-sample approximation of the data. We perform a grid search

overm ∈ [1, 2, 3, 5, 7, 9, 12, 15] andτ ∈ [1, 2, 6, 9, 15] for all models,K ∈ [1, 2, 3, 4, 5, 6, 7, 8, 10,

12, 15, 20, 30, 40, 50] for TAR and RBF models,α ∈ [0.5, 0.75, 1, 1.25, 1.5, 2, 2.5, 3, 3.5, 4, 5, 7,

9] for RBF models,ǫκ ∈ [0.01, 0.025, 0.05, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8] andν ∈ [2, 5, 10, 15,

25, 50] for the locally constant predictor andKi ∈ [8, 15, 30, 40, 50, 60, 70] andKo ∈ [5, 10, 20, 30,

40, 50] for the näıve Markov method. Intuitively, with such a search for the best parameter combination

for a specific song’s time series, part of the dynamics’ modeling is also done through the appropriate

parameter setting.

Since we aim at obtaining compact descriptions of our data andwe want to avoid overfitting, we

limit the total number of model parameters and coefficients tobe less than 10% of the total number of

values of the time series data. This implies that parameter combinations leading to models with more

than(N ×D)/10 values are automatically discarded at the training phase3. We also force an embedding

window w < N/20.

3Of course this does not apply for the locally constant predictor, which, as already said, is a quasi model-free approach.
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III. E VALUATION

A. Music data

We use an in-house music collection consisting of 2125 commercial songs (real-world recordings).

In particular, we use an arbitrarily selected but representative compilation ofcover songs. This music

collection is an extension of the one used in our previous work [20] and it includes 523 cover sets, where

cover set refers to a group of versions of the same song. The average cardinality of these cover sets

(i.e. the number of songs per cover set) is 4.06, ranging from2 to 18. The collection spans a variety of

genres, with their corresponding sub-genres and styles: pop/rock (1226 songs), electronic (209), jazz/blues

(196), world music (165), classical music (133) and miscellaneous (196). Songs have an average length

of 3.6 min, ranging from 0.5 to 8 min. For time-consuming parts of the analysis, a randomly selected

subset of 102 songs is used (17 cover sets of cardinality 6, the same subset is used in all experiments).

B. Prediction error

To evaluate the predictability of the considered time series we use a normalized mean squared error

measure [40], both when training our models (to select the best parameter combination) and when

forecasting. We employ

ξ =
1

N − h− w

N−h
∑

n=w+1

1

D

D
∑

d=1

(ŝd,n+h − sd,n+h)
2

σ2d
, (10)

whereσ2d is the variance of thed-th descriptor component over all samplesn = w + h + 1, . . . N of

the target time seriesS. Eq. (10) is a common way to measure the goodness of a prediction in the time

series literature [34], [39], [40], [49]. Under the assumption of Gaussian errors which are independent

of each other and of the data, the minimization of the mean squared error is mathematically equivalent

to the maximization of the likelihood that a given model has generated the observed data.

We use the notationξi,i when a model trained on songi is used to forecast further frames of songi

(self-prediction, in-sample error) andξi,j when a model trained on songi is used to forecast frames of

songj (cross-prediction, out-of-sample error). In the case of self-prediction, we report the average error

across songs, which we denote as〈ξ〉. In the case of cross-prediction, eachξi,j across all musical pieces

is used to obtain an accuracy measure (see below).

C. Cover song identification

To evaluate the accuracy in identifying cover songs we proceed as in our previous work [20]. Given a

music collection withI songs, we calculateξi,j for all I×I possible pairwise combinations and then create
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a symmetric dissimilarity matrixD, whose elements aredi,j = ξi,j + ξj,i. OnceD is computed, we resort

to standard information retrieval (IR) measures to evaluate the discriminative power of this information.

We use themean of average precisionsmeasure [50], which we denote as
〈

ψ
〉

. This measure is routinely

employed in the IR [50] and MIR [14] communities and, in particular, in the cover song identification

task [16].

To calculate
〈

ψ
〉

, D is used to compute a listΛi of I − 1 songs sorted in ascending order with regard

to their dissimilarity to the query songi. Suppose that the query songi belongs to a cover set comprising

Ci + 1 songs. Then, the average precisionψi is obtained as

ψi =
1

Ci

I−1
∑

r=1

ψi(r)Γi(r), (11)

whereψi(r) is the precision of the sorted listΛi at rankr,

ψi(r) =
1

r

r
∑

u=1

Γi(u), (12)

andΓi is the so-called relevance function:Γi(v) = 1 if the song with rankv in the sorted list is a cover

of i andΓi(v) = 0 otherwise. Henceψi ranges between 0 and 1. If theCi covers of songi take the first

Ci ranks, we getψi = 1. If all cover songs are found towards the end ofΛi, we getψi ≈ 0. The mean

of average precisions
〈

ψ
〉

is calculated as the mean ofψi across all queriesi = 1, . . . I. Using Eqs. (11)

and (12) has the advantage of taking into account the whole sorted list where correct items with low

rank receive the largest weights.

Additionally, we estimate the accuracy level expected under the null hypothesis that the dissimilarity

matrix D has no discriminative power with regard to the assignment ofcover songs. For this purpose,

we separately permuteΛi for all i and keep all other steps the same. We repeat this process 99 times,

corresponding to a significance level of 0.01 of this Monte Carlo null hypothesis test [51], and take the

average, resulting in
〈

ψ
〉

null
. This

〈

ψ
〉

null
is used to estimate the accuracy of all considered models under

the specified null hypothesis.

D. Baseline predictors

Besides models in Sec. II-C, we further assess our results with a set of baseline approaches that do

not require parameter adjustments nor coefficient determination.

1) Mean: The prediction is simply the mean of the training data:

ŝn+h = µ, (13)
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µ being a column vector. This predictor is optimal in the sense of Eq. (10) for i.i.d. time series data.

Notice that, by definition,ξ = 1 when predicting with the mean of the time series data. In fact, ξ allows

to estimate, in a variance percentage, how our predictor compares to the baseline prediction given by

Eq. (13).

2) Persistence:The prediction corresponds to the current value:

ŝn+h = sn. (14)

This prediction yields lowξ values for processes that have strong correlations ath time steps.

3) Linear trend: The prediction is formed by a linear trend based on the currentand the previous

samples:

ŝn+h = 2sn − sn−1. (15)

This is suitable for a smooth signal and a short prediction horizon h.

IV. RESULTS

A. Self-prediction

We first look at the average self-prediction error〈ξ〉 one step ahead of the current sample, i.e. at

horizon h = 1, corresponding to 116 ms (Table I). We see that, for all considered models, we do not

achieve a drastic error reduction compared to the mean predictor (for whichξ = 1, Sec. III-D). However,

in the majority of cases, all models are considerably betterthan the baselines. In particular, average errors

〈ξ〉 below 0.5 are achieved by the RBF, AR and TAR models. The latteris found to be the best forecast

model across all descriptors. The fact that the predictability is weak but still better than the baseline

provides evidence that music descriptors possess dependencies which can be exploited by deterministic

models.

Remarkably, the above fact is observed independently for all models, musical facets and descriptors

(Table I). Nevertheless, RT and OC descriptors have a considerably low〈ξ〉 compared to the rest. This is

due to the way these descriptors are computed. RT and OC are rhythm descriptors, and a characterization

of such a musical facet cannot be captured in, say, 100 or even500 ms. Humans need a longer time

span to conceptualize rhythm [31] and, consequently, general rhythm descriptors use a longer analysis

window. In particular we use for RT and OC a window of 6 s (Sec. II-B). Since we use a fixed step

size to 116 ms, we have much stronger correlations. Indeed, the very low error we obtain already with

the persistence and the linear trend predictors illustrates this fact. In addition, the genre configuration of
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TABLE I

AVERAGE SELF-PREDICTION ERROR〈ξ〉 FORh = 1 WITH ALL DESCRIPTORS CONSIDERED(FULL MUSIC COLLECTION). THE

MEAN PREDICTOR IS NOT SHOWN SINCE, BY DEFINITION , ITS ERROR EQUALS1 (SEC. III-D).

Methods Descriptors

PCP TC HC MFCC SC SP SH OP RT OC E L

Linear trend 2.334 1.869 1.380 1.816 1.444 1.878 3.336 2.079 0.012 0.103 1.839 2.148

Persistence 0.861 0.718 0.729 0.706 0.550 0.683 1.191 0.747 0.013 0.070 0.675 0.743

Näıve Markov 0.770 0.660 0.534 0.804 0.654 0.455 0.819 0.498 0.633 0.757 0.474 0.616

Locally constant 0.647 0.574 0.804 0.637 0.564 0.799 0.418 0.452 0.334 0.587 0.460 0.423

RBF 0.575 0.502 0.416 0.492 0.343 0.380 0.729 0.429 0.030 0.124 0.409 0.330

AR 0.527 0.480 0.444 0.416 0.290 0.384 0.759 0.438 0.002 0.014 0.421 0.339

TAR 0.480 0.439 0.387 0.415 0.276 0.341 0.697 0.390 0.001 0.010 0.376 0.306

our music collection might explain part of this low error: more than2/3 of our collection is classified

between the pop/rock and electronic genres, which are characterized by more or less plain rhythms.

We now study the average self-prediction error〈ξ〉 as the forecast horizonh increases (Fig. 2). We

see that〈ξ〉 increases rapidly forh ≤ 4 (or 10, depending on the descriptor) but, surprisingly, it reaches

a stable plateau with all descriptors forh > 10, i.e. for prediction horizons of more than 1 s. Notably,

in this plateau,〈ξ〉 < 1. This indicates that, on average, there is a certain capability for the models to

still perform predictions at relatively long horizons, andthat these predictions are better than predicting

with the mean. This reveals that descriptor time series are far from being i.i.d. data (even at relatively

long h) and that models are capturing part of the long-term structures and repetitions found in our

collection’s songs. If we analyze different musical facets, we can roughly say that rhythm descriptors are

better predictable than the rest. Then come loudness descriptors and afterwards the timbre ones, although

MFCC and SH descriptors are in the same error range as tonal descriptors. Indeed, tonal descriptors seem

to be more difficult to predict. Still, we see that〈ξ〉 < 0.8 for PCP and TC descriptors forh ≤ 30.

Overall, Fig. 2 evidences that music has a certain predictability. In particular, it reflects this characteristic

for a broad range of prediction intervals. All this is confirmed independently of the model, the descriptor

and therefore of the musical facet considered. In addition,if we pay attention to the behavior of all

curves in Fig. 2, we see that the error grows sub-linearly (thecurves resemble the ones for a square root

or a logarithm). This can be observed for all models and descriptors tested. Further information on the
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Fig. 2. Average self-prediction error〈ξ〉 as a function of the prediction horizonh. This is obtained with the RBF method for

all considered descriptors (102-song collection). Other methods yield qualitatively similar plots.

behavior of these curves is provided as Supplementary Material4, where we also derive some conjectures

regarding the sources of predictability of music descriptor time series. In the Supplementary Material we

also suggest that the behavior of these time series may be reproduced by a concatenation of multiple AR

processes with superimposed noise.

Next, we discuss about the best parameter combinations for each model and descriptor; in particular

for embedding values and number of clusters. In general, fewclear tendencies could be inferred. One is

that AR and TAR models select as optimal relatively high values form andτ with nearly all descriptors.

Other combinations of descriptors and models tend to use intermediate or lower values among the ones

tested (Sec. II-C). In particular, the naı̈ve Markov and the locally constant predictors tend to usem and

τ values both between 1 and 3. The number of clustersK for RBF and TAR models (orKi andKo

for the näıve Markov approach) practically always reaches the imposed limitation that a model has to be

described by a maximum of1/10 of the original data.

If we check for individual song’s predictability, we can seesome curious examples. For instance, many

renditions of the theme “Radioactivity”, originally performed by Kraftwerk, and “Little 15”, originally

performed by Depeche Mode, achieve quite smallξ values with the TC descriptor, i.e. their tonal behavior

seems somewhat predictable. Indeed, these musical pieces possess a slow tempo, highly repetitive, simple

tonal structures and can be classified into the pop/electronic genres. On the other hand, highξ values for

the TC descriptor are encountered in many jazz covers (with relatively long improvisations) or in some

4http://mtg.upf.edu/files/personal/IEEEPredictabilitySupplementary.pdf
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versions of “Helter skelter”, originally performed by The Beatles, for which we have some heavy-metal

cover songs5 in our collection with quite up-tempo long guitar solos. Analogous observations can be

made for timbre and rhythm descriptors. For example, several renditions of “Ave Maria” (both Bach’s

and Schubert’s compositions) performed by string quartets or similar instrumental formations lead to

low ξ values with the MFCC descriptor (this indicates that timbresdo no change too much within the

piece). With regard to rhythm, we find performances of “Bohemian rhapsody”, originally performed by

Queen, to yield relatively highξ values with the RT and OC descriptors (there are clearly marked rhythm

changes in the composition).

B. Cross-prediction

To assess whether a model-based cross-prediction strategyis useful for cover song detection we study

the mean of average precisions
〈

ψ
〉

obtained fromD, the symmetrized version of the cross-prediction

errors (Sec. III-C). As before, we consider different prediction horizonsh. Since tonality is the main

musical facet exploited by cover song identification systems(Secs. I and II-A), in this section we just

consider PCP, TC and HC descriptors.

In Fig. 3 we see that, except for the locally constant predictor, all models perform worse than the

mean predictor for short horizons (h ≤ 3). This performance increases with the horizon (4 ≤ h ≤ 7), but

reaches a stable value for mid-term and relatively long horizons (h > 7), which is much higher than the

mean predictor performance. Remarkably, in previous Sec. IV-A we show that forh > 7, PCP and TC

descriptors yield an average prediction error〈ξ〉 < 0.8, which denotes the capability of all considered

models to still perform predictions at relatively long horizons. We now assert that this fact, which to the

best of the authors’ knowledge has never been reported in theliterature, becomes crucial for cover song

identification (Fig. 3).

The fact that we better detect cover songs at mid-term and relatively long horizons could possibly

have a musicological explanation. To see this we study matrices quantifying the transition probabilities

between states separated by a time interval corresponding to the prediction horizonh. We first cluster a

time seriesS into, say, 10 clusters and compute the medoids. We subsequently fill a transition matrix

T , with elementsti,j . Here i and j correspond to the indices of the medoids to which respectively sn

andsn+h are closest. This transition matrix is normalized so that each row sums to 1. In Fig. 4 we show

T for three different horizons (h = 1 in the first column,h = 7 in the second column andh = 15 in

5Actually “Helter skelter” could be considered one of the pioneering songsof heavy-metal.
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Fig. 3. Mean of average precisions
〈

ψ
〉

in dependence on the prediction horizonh. Results for the TC descriptor with all

considered models (102-song collection). PCP and HC time series yield qualitatively similar plots.
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Fig. 4. Transition matricesT for two cover songs (top, one song per axis) and two unrelated songs (bottom). These are

computed forh = 1 (a,d),h = 7 (b,e) andh = 15 (c,f). Bright colors correspond to high transition probabilities (white and

yellow patches).

the third column). Two unrelated songs are shown (one row each). The musical piece that provided the

cluster medoids to generateT is a cover of the first song (top row) but not of the second one (bottom

row).

With this small test we see that, forh = 1, T is highly dominated by persistence to the same cluster,

both for the cover (Fig. 4a) and the non-cover (Fig. 4d) pair. This fact is also seen with the self-prediction

results of the persistence-based predictor (Table I). Onceh increases, characteristic transition patterns

arise, but the similarity between matrices in Fig. 4b and 4e shows that these patterns are not characteristic

enough to define a song. Compare for example the high values obtained for both songs int7,6, t9,8, t2,4,
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TABLE II

MEAN OF AVERAGE PRECISIONS
〈

ψ
〉

FOR THE COVER SONG IDENTIFICATION TASK(FULL MUSIC COLLECTION). THE

MAXIMUM OF THE RANDOM BASELINE
〈

ψ
〉

NULL
WAS FOUND TO BE0.008WITHIN 99 RUNS.

Methods Descriptors

PCP TC HC

Linear trend 0.007 0.007 0.006

Persistence 0.006 0.007 0.006

Mean 0.146 0.094 0.013

Locally constant 0.254 0.280 0.046

Näıve Markov 0.367 0.379 0.049

AR 0.368 0.407 0.044

RBF 0.377 0.438 0.054

TAR 0.386 0.441 0.064

t1,9 or t3,10. We conjecture that these transitions define general musicalfeatures that are shared among

a big subset of songs, not necessarily just the covers. For example, it is clear that there are general rules

with regard to chord transitions, with some particular transitions being more likely than others [3], [4].

Only whenh > 7 transitions that discriminate between the dynamics of songs start to become (see the

distinct patterns in Figs. 4c and 4f). This distinctiveness can then be exploited to differentiate between

cover and non-cover songs.

Results in detecting cover songs with the full collection (Table II) indicate that the best model is, as

with the self-prediction trials, the TAR model; although notable accuracies are achieved with the RBF

method. The AR and the naı̈ve Markov models come next. Persistence and linear trend predictors perform

at the level of the random baseline
〈

ψ
〉

null
. This is to be expected since no learning is performed for

these predictors. In addition, we see that the HC descriptoris much less powerful than the other two.

This is again to be expected, since HC compresses tonal information to a univariate value. Furthermore,

HC might be less informative than PCP or TC values themselves, which already contain the change

information in their temporal evolution. Apart from this, we see that TC descriptors perform better than

PCP descriptors. This does not necessarily imply that TC descriptors provide a better representation of

a song’s tonal information, but that TAR models are better incapturing the essence of their temporal

evolution.
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V. D ISCUSSION: MODEL-BASED COVER SONG DETECTION

Even though the considered models yield a significant accuracyincrease when compared to the

baselines, it might still seem that a value of
〈

ψ
〉

around 0.4 in an evaluation measure that ranges

between 0 and 1 is not a big success for a cover song identification approach. To properly asses this

accuracy one has to compare it against the accuracies of state-of-the-art approaches. According to an

international MIR evaluation framework (the yearly MIR evaluation exchange, MIREX [14]), the best

accuracy achieved to date within the cover song identification task6 was obtained from a previous system

by Serr̀a et al. [20]. This system reached
〈

ψ
〉

= 0.66 with the MIREX dataset and yields
〈

ψ
〉

= 0.698

with the music collection used here. A former method by Serrà et al. [19] scored
〈

ψ
〉

= 0.55 with the

MIREX data. Thus the cross-prediction approach does not outperform these methods. However, cited

methods were specifically designed for the task of identifying cover songs, while the cross-prediction

approach is a general schema that does not incorporate specific modifications that could be beneficial for

such a task [16] (e.g. taking into account tempo or structural changes between cover songs). To make

further comparisons (at least qualitatively), one should note that
〈

ψ
〉

values around 0.4 are in line with

other state-of-the-art accuracies, or even better if we consider comparable music collections [16].

Beyond accuracy comparisons, some other aspects can be discussed. Indeed, another reason for ap-

praising the solution obtained here comes from the consideration of storage capabilities and computational

complexities at the query retrieval stage. Since we limit ourmodels to a size of 10% of the total number

of training data (Sec. II-C), they require 10% of the storage that would be needed for saving the entire

time series (state-of-the-art systems usually store the full time series for each song). This fact could

be exploited in a single-query retrieval scenario. In this setting, it would be sufficient to determine a

dissimilarity measureξ (Eq. 10) from the application of all models to the query song. Hence, only the

models rather than the raw data would be required. Regardingcomputational complexity, many approaches

for cover song identification are quadratic in the length of the time series, requiring at least a Euclidean

distance calculation for every pair of sample points [16] (e.g. [19], [20]). In contrast, the approaches

presented here are linear in the length of the time series. For example, with TAR models, we just need to

do a pairwise distance calculation between the samples and theK medoids, plus a matrix multiplication

and subtraction (notice that the former is not needed with ARmodels). If we compare the previous

approach [20] with the TAR-based strategy by considering anaverage time series length̄N , we have that

6These correspond to the 2008 and 2009 editions, which are available from http://music-ir.org/mirex/2008 and

http://music-ir.org/mirex/2009, respectively.
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the former is roughlyO
(

N̄2mD
)

, while the latter isO
(

N̄mD(K +D)
)

, with K + D ≪ N̄ . To put

some numbers: with̄N = 2304 (approximately 4 min of music), descriptor dimensionalityD = 12 (the

largest among PCP, TC and HC, Sec. II-C) andK = 50 (the maximum allowed), we obtain a minimal

relative speed improvement of2304/(50 + 12) ≈ 37.

A further and very interesting advantage of using the approaches considered here is that no parameters

need to be adjusted by the user. More specifically, models’ parameters and coefficients are automatically

learned for each song and descriptor time series individually by the minimization of the in-sample training

error ξi,i. Usually, cover song identification algorithms have multiple parameters that can be dependent,

for instance, on the music collection, the music descriptortime series or the types of cover songs under

consideration [16]. Previously cited methods [19], [20] were not an exception: as there was no way to a

priori set their specific parameters, these were set by trial and error with an independent out-of-sample

music collection. Since for the current approaches no such manual parameter optimization is required,

its application is robust and straightforward.

In conclusion, we see that considering cross-predictions of music descriptor time series leads to

parameter-free approaches for cover song identification that are substantially faster, allow for reduced

computational storage and still maintain highly competitive accuracies when compared to state-of-the-art

systems. Thus, the use of the concept of cross-prediction errors stands as a promising strategy for cover

song detection and, by extension, for music retrieval in general.

VI. SUMMARY AND FUTURE PERSPECTIVES

In the present work we take an interdisciplinary approach tostudy music predictability, encompass-

ing concepts and methods from signal processing, music technology, linear and nonlinear time series

modeling, machine learning and information retrieval. We first apply current signal processing and music

technology approaches for extracting meaningful information from real audio signals in the form of music

descriptor time series. We then explore a number of modelingstrategies to assess the predictability of

these time series. We test a number of routinely employed time series models. These comprise linear

and nonlinear predictors, namely AR, TAR, RBF, locally constant and näıve Markov. These models are

automatically trained for each song and descriptor time series individually. Training is done by performing

a grid search over a set of parameters and automatically determining the corresponding coefficients.

First, we perform an in-sample self-prediction of descriptor time series extracted from a representative

music collection. This allows us to assess which modeling strategy gives a lower prediction error. TAR, AR

and RBF methods provide the best predictions. Furthermore, our analysis allows us to quantitatively assess
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the predictability of different musical facets represented by the descriptors. Overall, rhythm descriptors

(RT and OC) are better predictable than the rest. All tonal descriptors (PCP, TC and HC), together with

some timbral ones (MFCC and SH) are more difficult to predict.

Some general features are common to all considered descriptors, musical facets and models. The

prediction error behaves sub-linearly, resembling a square-root or logarithmic curve when plotted against

the prediction horizon. Despite being relatively high in absolute values, the prediction error is still lower

than the one expected for random data and unspecific predictors. This is observed for a short as well as

mid-term and relatively long prediction horizons. To the best of the authors’ knowledge, these aspects

have not been assessed before.

These findings provide quantitative evidence for the qualitative, intuitive notion that music has both

predictable and unpredictable components. It is important, however, to emphasize that our work does not

represent a formal testing of some null hypothesis about theprocess underlying music signals. For this

purpose we would at first need to specify a stochastic model forthis process. For example, we could test

the null hypothesis that music descriptor time series are consistent with the output of a linear stochastic

Gaussian process. We would need to specify all assumptions made about this process, for example with

regard to its autocorrelation, cross correlation or stationarity. To test this null hypothesis we would then

need to generate surrogate data from our original descriptor time series [52]. These surrogates would be

constructed to be identical to the original time series withregard to properties that are included in the

null hypothesis (e.g. surrogates can be constructed to havethe same autocorrelation and cross correlation

as the original data but to be otherwise random). Finally, we would need to extract some discriminating

statistics such as a nonlinear prediction error from the original time series and the surrogates [34]. If the

results obtained for the original time series were significantly different from the ones of the surrogates,

the null hypothesis could be rejected.

However, such a formal null hypothesis testing is not the aimof the present study. Rather, we provide

a real-world application of out-of-sample cross-prediction errors. We do so by addressing the information

retrieval task of cover song identification In particular, wesee that reliability of models’ predictions at

mid-term and relatively long horizons allows us to effectively perform this task. Moreover, we show

that a model-based cross-prediction strategy for cover song identification achieves competitive accuracies

when compared to the state-of-the-art, while requiring less computational time and storage (e.g. TAR,

RBF and AR models). Importantly, the proposed approach is parameter-free from a user’s perspective,

since all necessary parameters are automatically set for each song and descriptor time series individually.

This makes the application of the proposed approaches robustand straightforward.
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Future lines of research include further investigation on model-based cross-prediction strategies for

cover song detection. Given the benefits of model-based approaches discussed in Sec. V, it is interesting

to see whether further refinements could yield accuracies that surpass the ones achieved by previous

work [19] and [20]. In particular, it would be interesting tosee how hidden Markov models (HMM) [53]

can be adapted to cover song identification. Such models have been very successfully applied within the

speech processing community [21] and also to music processing tasks (e.g. in tempo and pitch tracking

[12]). However, while descriptor time series have values oncontinuous scales, HMMs operate on discrete

sets of states. Since the discretization of descriptor time series is not straightforward in the case of cover

songs [16], one may consider a continuous version of such models. In addition, we conjecture that

specific adaptations are needed, in particular adaptations dealing with tempo and structure invariance

(see e.g. [54] for some structure invariance adaptations ofHMMs in the related context of exact audio

matching). Indeed, these are two important characteristics that a cover song identification system has

to take into account [16]. With regard to tempo invariance, we hypothesize that working with tempo-

insensitive representations of tonal information (e.g. [17]) can partially solve the problem. However, one

should take care of the beat-detection stage used to obtain such representations, since it might introduce

additional errors to the system [16]. Notice that the introduction of a tempo invariant representation is

only one option and that further strategies can be devised, specially with the setting of the prediction

horizon h and the time delayτ . With regard to structure invariance, the easy way would be to cut

the time series into short overlapping segments (e.g. [18])and train different models on each segment.

However, this solution would introduce additional computational costs since each error for each segment

would need to be evaluated. Last but not least, one could investigate with the incorporation of musical

knowledge in order to yield better predictions.
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The authors would like to thank Jochen Bröker for useful discussions, Perfecto Herrera for useful

discussions, comments and proofreading and Justin Salamon for comments and proofreading.

REFERENCES

[1] S. Mithen, Singing Neanderthals: the Origins of Music, Language, Mind and Body, The. Cambridge, USA: Harvard

University Press, 2007.

[2] D. J. Levitin, “Why music moves us,”Nature, vol. 464, no. 8, pp. 834–835, 2010.

[3] D. Huron, Sweet anticipation: music and the psychology of expectation. Cambridge, USA: MIT Press, 2006.

DRAFT July 5, 2011



Copyright (c) 2011 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

23

[4] E. Narmour,Analysis and Cognition of Basic Melodic Structures: the Implication-Realization Model, The. Chicago, USA:

University of Chicago Press, 1990.

[5] F. Pachet, “The continuator: musical interaction with style,”Journal of New Music Research, vol. 31, no. 1, pp. 1–9, 2002.

[6] T. Eerola, P. Toiviainen, and C. L. Krumhansl, “Real-time prediction of melodies: continuous predictability judgements

and dynamic models,”Int. Conf. on Music Perception and Cognition (ICMPC), pp. 473–476, 2002.

[7] S. Abdallah and M. D. Plumbey, “Information dynamics: patterns ofexpectation and surprise in the perception of music,”

Connection Science, vol. 21, no. 2, pp. 89–117, 2009.

[8] J. F. Paiement, Y. Grandvalet, and S. Benigo, “Predictive models for music,” Connection Science, vol. 21, no. 2, pp.

253–272, 2009.

[9] S. Dubnov, “Spectral anticipations,”Computer Music Journal, vol. 30, no. 2, pp. 63–83, 2006.

[10] S. Dubnov, G. Assayag, and A. Cont, “Audio oracle: a new algorithm for fast learning of audio structures,”Int. Computer

Music Conference (ICMC), pp. 224–228, 2007.

[11] A. Hazan, R. Marxer, P. Brossier, H. Purwins, P. Herrera, and X. Serra, “What/when causal expectation modelling applied

to audio signals,”Connection Science, vol. 21, no. 2, pp. 119–143, 2009.

[12] A. Klapuri and M. Davy,Signal processing methods for music transcription. New York, USA: Springer Science, 2006.

[13] N. Orio, “Music retrieval: a tutorial and review,”Foundations and Trends in Information Retrieval, vol. 1, no. 1, pp. 1–90,

2006.

[14] J. S. Downie, “The music information retrieval evaluation exchange (2005–2007): a window into music information retrieval

research,”Acoustical Science and Technology, vol. 29, no. 4, pp. 247–255, 2008.

[15] M. Casey, R. C. Veltkamp, M. Goto, M. Leman, C. Rhodes, and M.Slaney, “Content-based music information retrieval:

current directions and future challenges,”Proceedings of the IEEE, vol. 96, no. 4, pp. 668–696, 2008.
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[24] E. Gómez, “Tonal description of music audio signals,” Ph.D. dissertation, Universitat Pompeu Fabra, Barcelona, Spain,

2006, available online: http://mtg.upf.edu/node/472.

July 5, 2011 DRAFT



Copyright (c) 2011 IEEE. Personal use is permitted. For any other purposes, permission must be obtained from the IEEE by emailing pubs-permissions@ieee.org.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication.

24

[25] C. Harte, M. B. Sandler, and M. Gasser, “Detecting harmonic change in musical audio,” inProc. of the ACM Workshop

on Audio and Music Computing Multimedia, 2006, pp. 21–26.

[26] M. Slaney, “Auditory toolbox. version 2,” Tech. Rep., 1998, available online: http://cobweb.ecn.purdue.edu/

malcolm/interval/1998-010.
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