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Abstract: A fundamental research topic in music information retrieval is the automatic extraction of beat
locations from music signals. In this paper we address the under-explored topic of beat tracking evaluation.
We present a review of existing evaluation models and, given their strengths and weaknesses, we propose
a new method based on a novel visualisation for beat tracking performance, the beat error histogram. To
investigate the properties of evaluation methods we undertake a large scale beat tracking experiment. We
conduct experiments using a new annotated test database which we make available to the research com-
munity. We demonstrate that the choice of evaluation method can have a significant impact on the relative
performance of different beat tracking algorithms. On this basis we make a set of recommendations for
comparative beat tracking experiments.



1 Introduction

With the development of the Music Information Retrieval Evaluation eXchékdieEX) [1] evaluation has become a
fundamental aspect of research in music information retrieval. Robalktagion is crucial, not only to determine the
individual successes and failures of a given algorithm, but also to me#sei relative performance among different
algorithms.

If we consider a generic evaluation task, we require: i) musical data achvith run experiments; ii) ground truth
on which to compare the output of the algorithm(s) under test and iii) a meahivgl to measure performance
between the algorithm output and the ground truth [2]. For many MIR tasfkedation problems can arise in terms
of all of these issues. Test databases comprised of commercial regpodinnot be legally distributed to the research
community without infringing copyright. The collection of ground truth e.g. @ating the start times of musical
events for onset detection evaluation [3] may be very time-consuming.rébadjtruth labels may also be ambiguous,
e.g. genre labels in music similarity research [4] or annotations tappedexedifimetrical levels in beat tracking.
The main challenge in developing evaluation methods is to adequately contertthevittherent uncertainty and/or
ambiguity while providing a measurement of performance which is both meamigd easy to interpret.

In this paper we address the topic of evaluation methods for audio baaettdieking systems. The aim of a beat
tracker is to recover a sequence of time instants from a musical input éhedasistent with the times when a human
might tap their foot [5]. Beyond an exercise in modelling a human responaanasical stimulus, beat tracking
can be used in many applications including musical interaction systems [@gntdyased audio effects [7, 8], and
increasingly as a meaningful temporal segmentation for higher level MKR tagch as chord extraction [9], structural
segmentation of audio [10] and music similarity [11].

While there have been several comparative studies of beat trackifagmeance, [12, 13, 14], there is no current
consensus on which evaluation method to use. The focus of this paper iettigate the properties of different
evaluation methods and in identifying their weaknesses, propose a newdf@thise within the research community.
Central to our approach is the measurement of the information gain a be@rtpsovides rather than a direct measure
of beat accuracy. Using an empirical probability distribution of beatrawe measure the information gain that a beat
tracking algorithm supplies in terms of its entropy.

The remainder of this paper is structured as follows. In section 2 we gigeexview of the difficulties in beat tracking
evaluation. In section 3 we review existing evaluation methods and summaiissttbegths and weaknesses. Given
this information we propose a new information-based evaluation method inrsdctio

To rigorously investigate the properties of each evaluation method werpegftarge scale beat tracking experiment
in section 5. We investigate performance in terms of the effect of beat latatisand statistical significance.

In section 6 we provide a set of recommendations for undertaking bekirtgsevaluation and in section 7 we propose
areas for future work.

2 Beat tracking evaluation issues

2.1 Objective Evaluation

Objective methods for beat tracking evaluation compare the output beatftonea beat tracking algorithm against
one or more sequences of ground truth annotated beat times. In thiseedyrdcking evaluation might be consid-
ered analogous to evaluation methods for onset detection [15]. Faraeteetion, ground truth onset locations are
obtained through an iterative process of hand-labelling time instants andrigsteack to the result [3]. The ideal
outcome of the annotation is an unambiguous representation of the startgfoimisical events. Due to uncertainties
in the annotation process, for many types of input signals (especially muhisingnt excerpts) it may not possible
to determine onset locations with greater precision than 50ms [3]. When cogplze output of an onset detection
to algorithm to annotated onset locations, this uncertainty leads to the cariegpterance window, where an onset
falling within the range of the tolerance window is deemed accurate.

For beat tracking evaluation, the method for obtaining ground truth will miéme whether the aim is to identify
descriptive beat locations or to replicate a human tapping response. forier case, an initial estimate of the beat
locations can be obtained by recording tap times for a given musical éxddren, using the iterative modification
and audition of beat locations (as in onset annotation), the beat annete#inrbe refined to reflect more precisely



the annotator'perception of the beat, rather than their ability fwoduce it. In the latter case, the ground truth can
entirely defined by the tapping response, as in [14].

Once the ground truth has been obtained, the next issue to addresstis fedate the beat tracking output with the
annotations. As with onset detection evaluation there is a negligible chaaceexfict temporal match in the output
beat times and ground truth. Therefore it is usual to employ tolerance windmund each annotated beat position
and allow any beats falling within these windows to be correct. In previoakiations of beat tracking systems
tolerance windows have been definedbsolute time (e.g.+70ms [16]) or inrelative time as a fraction of the inter-
annotation-interval (e.g+20%) [14]. On this issue, there is currently no consensus on how laege tindows
should be, or how they are defined.

Even if we can assume a well-defined tolerance window, there is an equaltytanpissue related to the metrical
level at which the taps occur. It is very common for human tapping reggaiosthe same musical excerpt to vary
with one another [17]. Perhaps the most common variations in tapping invobveasuences which are anti-phase
(where set of taps is the on-beat, the other on the off-beat) and these wote sequence is tapped at twice or half the
rate of the other. To varying degrees, existing evaluation methods hanetgteto take this into account, most often
by resampling the ground truth annotation sequence to reflect these simplieatioms of the original sequence [18].
Beats can then be considered correct if they are consistent with theatgthbeats, or with one of these alternatives.
The assumption of either double or half as admissible tapping sequencesssieted viewpoint which can lead
to perceptually unlikely sub-divisions of the beat. Consider a musicargixeath 3 beats per bar; here tapping at
double the rate could be valid, but tapping at half the annotated rate waqargseant an unlikely interpretation of
the metrical structure. Therefore in addition to the uncertainty over toleramalows, further problems exist with
defining generic rules for allowable metrical levels.

2.2 Subjective Evaluation

If objective evaluation methods are problematic, the alternative is to exaubjeetive evaluation. Instead of devising

a mathematical relationship between the output beats and annotations, wettesise the beat times (as percussive
clicks), mix these with the source audio and ask a human listener to determiriealokisng accuracy. By following a
subjective methodology, we do not need to specify rules for metrical lanelsolerance windows as in the objective
setting, rather we defer to the intelligence of a trained listener to make a sigpahdient assessment of performance.
In existing beat tracking work, subjective evaluation has been usedlatively small test databases (e.g. 10-20
excerpts [19, 20]) compared to objective evaluation (e.g. 222 [12]4@ddexcerpts [13]). The small number of
examples is a direct result of the time and cost involved for performing stilgeevaluation. For large test databases,
the time required for subjective evaluation by multiple listeners with severalitiges may be considered too great.
In terms of the criteria by which subjective evaluation can be undertaketeat study presented evidence that un-
trained human listeners are able to distinguish between examples which arbignausly correct and those which
are unambiguously incorrect (e.g. beats tapped at the wrong tempoH@djgver it is not yet clear how to contend
with the middle ground between these extremes. For example whether swhgaivation of different cases of
“partially” correct tapping (e.g. switching metrical levels mid-excerpt, omigsynchronisation) would be consis-
tent between multiple listeners. Without the guarantee of repeatability, asecarhieved with objective evaluation
methods, it becomes very difficult to reproduce research results.

Therefore if we reject subjective evaluation on the grounds of cabualknown issues over consistency, we return
our focus to objective evaluation methods towards the aim of finding aroppate methodology for use within the
research community.

3 Existing Evaluation M ethods

In this section we review the existing objective evaluation methods. For eatiodyeve use the following notation:

~ refers to the sequence &f beats from a beat tracking algorithm, with the timing of theb!" beat;a refers to the
sequence of ground truth annotations, with; the j'* annotation. We notate the time between beats, the inter-beat-
interval (IBI), asA, = v, — -1 and likewiseA ; = a; — aj_ for the inter-annotation-interval (IAl).



3.1 F-measure

The F-measure is a generic evaluation often used in information retrievabelad tracking, the F-measure is cal-
culated in terms of three parameters:the number of correct detections (true positives), the number of false
negatives (missed detections) afid, the number of false positives (extra detections). A correct detectiamisia:
ered to be a beayj, falling within a tolerance window around annotatien In previous work the size of this tolerance
window has varied. For onset detection [22], Dixon us€sDms. In beat tracking a variant of the F-measure score
(also presented by Dixon [16]) usatrOms, which we use in this work.

The F-measure is calculated using two intermediate quantfifesision, p, andrecall, ». Precision indicates the
proportion of the generated beats which are correct,

Cc

- 1
and recall indicates the proportion of the total number of correct beate/éra found,
C
= ) 2
c+ f~ @
When combined they provide the F-measure accuracy value,
2 2
=P ¢ % 100%. 3)
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Beats tapped on the off-beat relative to annotations will be assignedraabure of zero. Tapping at metrical levels
either above or below the annotated level, will be punished in proportion vathumber additional or missing beats.

3.2 Cemgil et al

The Cemgil et al [23] evaluation method uses a Gaussian error furidfievhich penalises the accuracy of an esti-
mated beat locatioty, based on how far it is from the closest annotatign

W(z) = exp (—a?/20.%) 4)

wherex = v, — a; and standard deviation is definedas40ms.
The error function}V, is similar to a tolerance window, however it provides an accuracy se@etioe continuous
range from 0 to 1 rather than a binary decision of a correct or incopesat as with the F-measure in section 3.1.
The overall accurac@em,. iS
Zj max; W (v, — a;)
(B+J)/2
Within (5) false positives are explicitly accounted for by the normalisingteon# in the denominator, whei@em .
will linearly decrease as the number of be&t&xceeds the number of annotatiohsProvided there is at least one
beat to compare to the annotations (i >1) then for every annotatiom; a closest beat;, will always exist. False
negatives are incorporated implicitly, whéié(, — a;) —0, when|v, — a;| > o.. In practice, beats tapped on the
off-beat will haveCem,.. = 0; as even for music with very fast tempi (e.g. up to 240 beats per minuteg, wikbe
negligible overlap between adjacent Gaussian windows.

Cemyee =

x 100%. (5)

3.3 PScore

ThePScore is a measure of beat tracking performance defined by McKinney edpidfithe use in the 2006 MIREX
beat tracking evaluation exercise. Beat accuracy is determined by thkisgm of the cross-correlation between two
impulse trains, where the first,,, represents the ground truth annotatiared the second},, the extracted beatg
such that

Ta (TL) = (6)
0 otherwise
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and similarly for7’,
L n=m
T, (n) = W
0 otherwise

To enable a computationally feasible cross-correlation bet@WgemdT’, the beats and annotations are quantised to a
10ms resolution. Also, to remove the initial uncertain period of tapping, aggtswccurring in the first five seconds
are removed. To allow for a mismatch between the timing of the beats and anmgtétimioross-correlation between
T, andT, is taken over a small window,, set empirically to 20% of the median of the inter-annotation intergls
wherew = 0.2median(Aj).

The PScore is defined as the sum of the time-limited cross-correlation, which we lghel To prevent the trivial
case of over-detection (whefg is a uniform function and the cross-correlation with would be maximised), the
sum is normalised to whichever is the greatest: the number of annotdtiarhe number of beatB,

Zw Ta *(w) T,y

IR 100%. (8)

PScore =
In [14], the rangeh) < PScore < 1 was used, but to enable a comparison with other measures, we multiple this by
100%.
Within the MIREX study, the ground truth was formed from the raw tappingarses of 40 human subjects, with
no modification of the tap times permitted. By using multiple annotation sequences weathiglcKinney et al [14]
contended with ambiguity over metrical level and off-beats directly throughvdhiety of tapping responses.

3.4 Gotoand Muraoka

The evaluation method of Goto and Muraoka [18] measures beat trackifaymance per musical excerpt as either
‘correct’ or ‘incorrect’. The decision over success is derivedrfritie analysis of multiple statistics of a beat error
sequenceg; calculated by measuring the time between each annotatiand the closest beaj. The error between
the beats and annotations is normalised to half the width of the current imtetagion-intervalA?, depending on
whethery, occurs before or aftet;
Aj/2 = a5
Ar = ©)
Aj_1/2 w <ay
such that error is bounded between 0 and 1,
7I%A_fj| aj — Aj_1/2 << a; + Aj/2
G=1 (10)

1 otherwise.

A sub-sequenceg; is then extracted fronj; under the condition that; < 0.35. To determine ‘correct’ beat tracking,
three conditions related Q. must be met, each of which is represented by an indicator fun€tion

The first condition [; ({), requires that the first elemeh of (; must occur within the first 3/4 of the length of the
excerpt and that the ending eleméptof the (. corresponds to the end of the excerpt

1 ky/ke < 3/4
Li(Ck) = (11)

0 otherwise.
The second and third conditiodig((x) and3((x) require that mean and standard deviatiog;oflo not exceed 0.2

1 mean((;) < 0.2

I(Ck) = (12)
0 otherwise



and
1 standard deviation((;) < 0.2

I3(C) = (13)

0 otherwise

Overall beat tracking accuracy is found as the product of the indiéabotions,
Gotogee = I1 (Ck)IQ(Ck)Ig(Ck) x 100% (14)

These conditions and parameters for quantifying beat tracking suseessreated to test the convergence of a real-
time beat tracking system to the correct beat over 60s excerpts of fixgadteutside of this scope, there is normally
no guarantee of fixed tempo in the final quarter of an excerpt, therafsirggle poorly timed beat near the end could
cause accuracy to drop to zero. For this reason, we modify the ajyiesiok for accurate tracking over 25% of the
input anywhere across its duration.

The Goto,.. score will be zero for beats tapped on the off-beat or at differentiteithin [18] variations were
allowed to contend with tracking at different metrical levels, however tliwedt ¢r-phase error [18]) is always
assigned zero.

3.5 Continuity-based evaluation

Implicit within the measurement d@koto,.. is the concept ofontinuity in beat tracking performance. In order to stay
within the defined thresholds, the timing error between beats and annotatish®enconsistently small. Based on
this idea, a family of continuity-based evaluation methods was developedibgwtath [12] and Klapuri et al [13].
The emphasis was changed from a binary classification of overall lagiirng success to a measurement of regions
of continuously correctly tracked beats.

Continuity is enforced by the creation of tolerance windots= +17.5% of the current inter-annotation-interval)
around each annotation,. The closest beaf, to each annotation can only be correct if it falls within this tolerance
window and the previous beai,_; is also within the tolerance window surroundiag-;. This condition addresses
beat phase, but a further condition also requires consistency betateemnnotation-interval) ;, and inter-beat-
interval, A;,. The continuity conditions can be summarised as,

0] aj — QAJ <% < aj —|—9Aj
(i) aj—1— QAjfl < V-1 < aj-1+ 9A3;1

(i) (1—0)A; <Ay < (1+0)A,.

Comparing each beaj, to each annotation; under conditions (i)—(iii), we can find the number of correct beats in
each continuously correct segméhy,, where there aré/ continuous segments. From this we can determine the first
continuity-based measurement of performance: the ratio of the longeshwously correct segment to the length
of the input. To indicate the proportion of beats at the correct metrical \eitelcontinuity required CML,), we

calculate

max(Y,,)

CML, = x 100% (15)

CML. only reflects information about the longest segment of correct be&inggaherefore it is blind to the contri-
bution of any other beats which may also meet conditions (i)—(iii). For exariff@esingle bad beat occurs and this
beat error happens to be in the middle of the excerpt, this would |e@dltio,.=50%.

To include the effect of beats in other segméfts, we can find a less strict measure, the total number of correct beats

at the correct metrical leveGML:,
M

Ty,
CML; = ij]l x 100%. (16)

To account for ambiguity in metrical levels, we can recalculate (15) andwthére the annotation sequencean be
resampled to permit accurate tapping at double or half the correct metkiebhled to allow for off-beat tapping; we
refer to these conditions alowed metrical levels. In all, this gives four measures for continuity-basespeence:



Correct Metrical Level, continuity required (CML

Correct Metrical Level, continuity not required (C)L

Allowed Metrical Levels, continuity required (AM).

Allowed Metrical Levels, continuity not required (AML

3.6 Towardsa new evaluation method

All of the evaluation methods presented share a similar feature, the userahttBevindows to determine the accuracy
of individual beats based their proximity to ground truth annotations. Withstbeption of the Cemgil et al method
[23] in section 3.2, which uses a Gaussian error function to attribute a counnscore to a given beat, all other
methods make a binary decision of accurate or inaccurate. The use drg baoring system means that each of
these methods are blind to how beat times are distributed within these toleramioevainn the case of theScore in
section 3.3 beat locations which are uniformly distributed acras2@2 window around the annotations will score
exactly the same (100%) as a perfect match between the beats and angptitiorthe same true for th&70ms
window of the F-measure, and thel 7.5% window for the continuity-based approaches.

Given the differences in tolerance window size, it is also possible for dimidual beat to be accurate under one
method (sayPScore) but not another (e.g. F-measure). On this basis we propose thaewauevaluation method
should not measure beat accuracy using tolerance windows, butirestelait the ability to measure beat localisation
as in Cemgil’s method.

The second issue concerns the ambiguity in metrical levels when tapping to. msang the existing evaluation
methods, there are two categories: i) those which reflect alternate metappinfg by resampling the ground truth
annotations and ii) those which only consider the annotated metrical level ¢orbect. Under all but thé ML
methods, tapping the off-beat would be assigned an accuracy scO%.ofreating the off-beat in this way makes
it equivalent to an entirely random sequence of beats which bear rtneta the annotations at all. This seems
too harsh, given that off-beat tapping can be fixed by interpolationsabesampling the entire beat sequence. A
sequence of random beats cannot be corrected in this way, as eadthualdbeat would need to be altered. Similar
global modifications to fixing the off-beat can be made to beats tapped aizaéienetrical levels by resampling. We
consider the ability to incorporate multiple forms of tapping an important fedtoreever we do not wish to rely on
pre-determined rules for over which metrical levels are acceptable (a¢s tagpped at only double or half the tempo).
In developing a new evaluation method, our aim is to provide a single measurefieat tracking performance and
not be reliant on multiple accuracy scores to reflect different condidsns the continuity-based methods.

Central to our approach is the concept of the worst possible bea¢trak wish to punish most severely sequences of
beats that bear no relation whatsoever to the underlying annotations.ig-cotigition we can cite two examples, the
first occurs when beat times are picked entirely at random, and thedsedwmn beats are tapped at non-meaningful
tempo. The second example leads to a phenomenon knaemasdrift [20] where occasional beats will be in phase,
but no true relationship exists between the beats and the music. In the afritdatance window evaluation methods,
it is possible that a proportion of these random beats will be be consideredate by virtue of their proximity to
annotations. This is a situation we wish to avoid. In proposed method weederglationship between beats and
annotations where, for the worst case of beat tracking we obsem¥oar distribution, and in the best case, a delta
distribution (i.e. complete dependence between beats and annotations).

4 |nformation-based M ethod

4.1 Beat Error

To avoid the reliance on tolerance windows we formulate our evaluation méthatkasuring the timing error be-
tween beats and annotations. Our approach is inspired by the initial staties®oto and Muraoka method [18]
and Scheirer's measurementraofs beat error [19]. Rather than finding the time between the nearest bdabah

annotation (which limits analysis to a single metrical level), we find the set of bgathich occur within a one-beat
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Figure 1: Extraction of beat errgrfrom beatsy, and annotations;. The solid black lines are annotations, the dashed
lines are beats, and the grey line shows the beat error across antammoetadow.

window around annotatio;
Vg =T aj—A;f_l §'yb<aj—|-A;f. a7

We then measure the timing err¢fj, ¢) of each beat within each annotation window. To allow subsequent analysis
of beat error for examples with different tempi, we normalise the timing eelative to the annotation window, such
that it is bounded between half a beat ahead and half a beat behindresathtion,

Yq—ay
A*

Yq < aj
j—1

CU,q) = - (18)
’YQA;’J ,-yq > aj

aj;—

whereA’ | = %=t andA% = “*—% represent the boundaries of the beat length segment amguAdgraphical
overview is given in Figure 1. Here the beats are tapped at twice the r#tte ahnotations. This demonstrates the
importance of finding the error betweah beats within the annotation window, as the additional beats (at close to 0.5
and -0.5 error) would be ignored by examining only the closest beat toagamtation.

By measuring the beat error for every annotation, we can form a segus normalised beat erraf, |, (the error

of the beats given the annotations). However this only provides half ther@iclf the beats are tapped at half the
rate of the annotations, as opposed to twice the rate in the example in Figuen lfahmany of the annotations,
no error measurement would be possible. In the extreme case of ugtéetion of beats to annotations, where just
one beat is estimated for many annotations, examining a distribution of beateuld not be informative about the
poor performance. To contend with this situation, we can form a secauesee of beat errog,,, by comparing
the sequence of annotations with the estimated beats. Nowntiee-detection of beats to annotations is transformed
into theover-detection of annotations to beats.

Given these two sequences of beat error, we estimate the probabilityutistnibf the beat erraf by calculating its
histogram over the range of -0.5 to 0.5 beats. The number offbiissan important parameter. In order to enable the
observation of a uniform histogram we must not have more histogram lginghle number of annotations. Similarly
having too few bins will mean a very coarse measurement of the beatdéstobution. Through informal tests we
found K = 41 to be an appropriate number of bins to obtain a good estimate of the probabiiitipudion of the beat
error. Hence, ifK is the number of bingy(z;,) represents the estimated probability of biwith centre specified by

z1,, under the condition that the estimated distribution of errors sums to unity, e, pe(zr) = 1.

4.2 Information Gain

Our interest is measuring the dependence between the beats and théi@mnoi® this end we could measure the
variance (or rms error [19]) of the beat error probability distributiomm@asndicator of performance. However, if we

take the example in Figure 1 the resultant beat error distribution would hpgalkaclose to an error of 0 beats and
additional peaks at errors of -0.5 and 0.5 beats. For this type of multi-ndistebution the resulting high variance

would not reflect the perceptually accurate nature of the tapping.

An alternative is to look for a description of tipeakiness of the probability distribution of the beat error. In previous
work [24] we used the entropy of the beat error as a measure of thmpance of the beat tracking algorithm and
mapped the entropy onto a scaleddb 100% using an arbitrary non-linear transformation.



Instead of using the entropy to determine beat tracking value, we canrakded quantity, thenformation gain, to
measure the distance between the empirical beat error probability distribfitiagiven beat tracking algorithm and a
uniform probability distribution indicative of the theoretically worst beatkeac Considering the beat error sequence
described previously, the beat tracker that provides the least informiataobeat tracker whose beat estimates have
no relation to the annotations. Hence, the beat error distribution of thig wase beat tracker will follow a uniform
distribution.

We find theinformation gainin terms of Kulback-Leibler divergence between the beat error distributith estimated
mass probability, (z;,) and the uniform histogram witk™ bins of heightl / K as,

& (21)
D = 3 pc(aw) loga( ) (19)
k=1 K
K
= Zpg(zk)logg(pg(zk))+log2(K) (20)
k=1
= logy(K) — H(p¢(z)) (21)

whereH (p¢(2)) is the entropy of the estimated beat error distribution of the beat trackingthigainder evaluation,

K

Hipe(z0) = 3 o)) loma (o,

) (22)

As previously described, there are the two possible beat error seegiém be considered: the error of the beats
given the annotations;,|,, and the error of the annotations given the begfs, In order to not overestimate the
information gain given by the beat tracker, we choose the beat emaesee with maximum entropy and, hence,
minimum information gain.

We measure the information gain in units of bits to indicate the information the bekétralgorithm provides with
respect to the worst beat tracker, a beat tracker with uniform distribofibeat error.

The entropy is lower and upper bounded < H(p¢(2x)) < logy(K), with H(pe(2x)) = 0 if the distribution

is deterministic and? (p¢(2x)) = log2(K) for a uniform distribution. Therefore, from (21), it can be seen that th
information gain is also bounded betwegandlog,(K). In fact, if we want to map the information gain between
0 and1 we can simply divide bylog,(K). This only represents a change of base and the information measure
interpretation is still valid.

A beat tracker with taps at different a phase with respect to the annaatidirstill be evaluated with a maximum
information gain since the beat error distribution function is a single peakrefdre, the beat tracking information
gain is invariant to beat-relative offsets. Tapping at different metric@lsewill obtain high information gain values
because the distribution will have a number of peaks (distribution modesspanding to the different metrical
levels and will be very far from the uniform distribution. In this sense, thatlracking information gain is robust
to annotations at different metrical levels, provided these are close tinésded tempo. As the tapped metrical level
diverges, either to higher or lower levels, the beat error histogram &k Imore and more modes and will begin to
resemble the uniform distribution and with minimum information gain.

For a given beat tracker on a test databasé/ofiles, our evaluation method provides with the information gain
calculated on the individual files. In addition, we can create a globaldreat distribution by combining the beat
error measurements for all files, and then calculate the global beat fankanmation gainD,, over this histogram
using (21).

5 Comparison of evaluation methods

We now investigate the properties of the existing evaluation methods reviewedtian 3 and our proposed informa-
tion gain method. The principal difficulty here is that the techniques we wishiainiate are themselves evaluation
algorithms. To this end we use each evaluation method as part of a largedokatg evaluation experiment. Our
aim is to discover whether each evaluation algorithm gives consistetiisreatthe beat tracking evaluation task.



Throughout this research we follow the reproducible research ma8Ee\Ve provide a new test database of annotated
beat locations which we make available to the research community in addition teaheutputs of each algorithm
and a beat tracking evaluation toolbox to recreate the results presehidode for the evaluation methods and the
beat annotations and algorithm outputs are available dnline

5.1 Test Database

To investigate the properties of the evaluation methods through a compafiseatdracking algorithms we require
some annotated test data. The majority of previous comparisons of béatdratgorithms, e.g. those in [13, 12, 14],
have used private audio collections, which due to copyright restricti@nsat available for distribution. While there
exists a freely available set of beat annotations within the RWC dataseh6jusical content consists of examples
with fixed time-signature and steady tempo. As such, these are not sufficiesst the ability of the beat tracking
algorithms to follow changes in tempo and timing, which we consider an importpettsf beat tracking research.
To augment the existing chord annotations [27] we choose to annotate #tedl@ albums of The BeatlésIn total
there are 179 songs with 52,709 annotated beat locations. While this musiany gtected by copyright, it is
extremely well-known and easy to purchase. It is therefore not a congé&xo recreate the audio database, as it
would be to find all the precise excerpts used in the test databases &8]12,

The beats annotations were created in a semi-automatic manner, wherdradieatwas run on each song and the
resulting beat times were auditioned and modified by musical experts aagtodheir perception. The modifications
took two main forms. First, systematic changes to the beat times via interpolatioh-eampling of beat times were
used to correct for the off-beat or alter the metrical level. Secondsithdil erroneous beats were moved or deleted,
and where necessary new beats entered manually. These modificatrensnaertaken using the open-source audio
visualisation and annotation software Sonic Visualiser [28]. Once theldesttons had been modified by the first
musical expert, they were then independently verified by a secondtexperepeated the modification process.

The beat tracker used to make the initial beat estimates is a hybrid systechdrasige tempo tracking stage in
[29] and the dynamic programming aspect in [5]. The two-state model foradrapking in [29] is replaced by a
Viterbi decoding to find the best tempo path using the output of the comb fifterstaucture in [29]. Given these
tempo estimates the beats are then recovered using the dynamic programmiitigralffjom [5]. The beat tracking
algorithm is freely available as pre-compiled pludjfar Sonic Visualiser [28].

5.2 Results

On this dataset we test the performance of three existing beat trackingttalgm those of Klapuri et al (KEA)
[13], Dixon [30] and Ellis [5]. In addition we include the output of the highieat tracker (Davies) used to make the
annotations. While we expect this algorithm to outperform the other be&ingpsystems, we include it to investigate
the effect of the intrinsic relationship between this beat tracker and theations. To provide a base-line measure
of performance for each method we also include the output of a completelymdristic beat tracker where, for each
song, the same sequence is used: beats at precise 0.5 second int@@dlprf) up to the mean length of all songs
(approximately 2 minutes 30 seconds).

Results summarising the performance of the beat tracking algorithm underegaluation methods presented in
section 3 and our proposed information gain method are shown in Table 1.

An unexpected pattern arises from inspection of the accuracy scofeblim 1, where we see that Davies approach,
from which the annotations were derived, does not score highest atidf the evaluation methods. By picking the
F-measurePScore or AML,. Dixon’s algorithm appears most accurate, or by usiddL; the KEA algorithm would

be considered the most accurate.

Furthermore there is a wide variety in the numerical results, the largesep#swy being for the Ellis algorithm
whereCML.=37.0% butAM1.;=83.1%. From this we can interpret that many of the beats from Ellis’ algonmitlst

be within the+17.5% tolerance window specified for the continuity-based methods. Howexe the constraints
over continuity and the annotated metrical level are required, over hdfese beats are no longer accurate. The

http://www.elec.gmul.ac.uk/digitalmusic/downloads/beateval/
2For all tracks except “Revolution 9” from the album “The Beatles”, whiels no discernible beat.
Shttp://www.vamp-plugins.org/download.html



Table 1: Comparison of evaluation methods and beat tracking algorithmsbeshgerforming algorithm for each
method is shown in bold. All accuracy values (excBpandD,) are given in (%).

Algorithm | F-measure Cem,.. Goto,.,. PScore CML. CML. AML. AML; | D D,
Davies 81.4 79.5 76.0 77.0 63.0 67.6 810 87.7 | 346 272
KEA 80.4 67.0 71.5 77.9 52,5 683 67.3 86.9 | 2.20 1.46
Dixon 83.2 77.0 65.9 79.1 52.5 64.2 68.8 89.7 | 244 1.70
Ellis 75.7 49.7 44.7 69.7 37.0 46.3 49.2 83/12.56 1.51

Deterministic 24.4 17.4 0.0 34.0 2.4 155 2.8 17.60.08 0.01
Davies KEA Dixon Ellis Deterministic
0.6 0.6 0.6 0.6 0.6]
0.4 0.4 0.4 0.4 0.4
0.2 0.2 0.2 M 0.2 0.2
;LA La. ) d L_l
90.5 0 0.5 90.5 0 0.5 90.5 0 0.5 90.5 0 0.5 90.5 0 0.5
Beat Error Beat Error Beat Error Beat Error Beat Error

Figure 2: Beat error histograms for each beat tracking algorithm oede#t database.

improvement undeAML, suggests that that Ellis’ algorithm consistently taps at a different (likelefametrical
level to the annotations, and that occasional errors in beat placenueset ttee continuity requirement to be broken.
The performance of the deterministic beat tracker illustrates some of theeiriheeaknesses of tolerance window
approaches. Using F-measuré&rcore, beat tracking accuracy of 24% and 34% respectively can be adhetleut
any effort at all. It could be argued therefore thd%core of 0% (all beats outside the tolerance window) might be
more informative than a score of 34%, as this might imply tracking the off-beagrdtian a random distribution of
beats. Under the information gain measurements, performance for thenohé$éic beat tracker is close to zero. This
is to be expected, since it is the defined worst case around which thegwalmethod was created. It is interesting
to note that the Ellis algorithm scores well under the information gain method Dakies beat tracking algorithm
from which the annotations were defined uses the same dynamic progranigarithan to find beat locations, albeit
with a different input feature and tempo estimation stage. Therefore whdrnipo estimates of the two algorithms
are similar and the input features are consistent, we should expect tHedag®ns to be highly correlated, hence the
higher score.

Beyond looking at a single numerical value for beat tracking accurasylso informative to look at the global beat
error histograms calculated within our proposed information gain evaluatiasure The shape of these histograms
can provide a context to accompany the measured performance. Rafebe beat tracking algorithms under test, a
corresponding global beat error histogram is shown in Figure 2.

Here the relationship between the Davies algorithm and the annotations is noestpced with the beat error his-
togram very closely resembling a delta function. The histogram for detetinibisat tracker is close to uniform,
indicating no meaningful relationship between these (arbitrary) beats arghtiotations. While the histograms of
the KEA and Dixon algorithms have wider central peaks, the Ellis algorithnmigr@lepeak is noticeablpefore the
zero error with a small peak just after it. This implies that Ellis’ beat locationgwet as well aligned with those
defining the ground truth as those of the other beat tracking algorithms. elidvéo this is due to the peaks in the
input feature of the Ellis algorithm being earlier in time to those of input featiorethe other algorithms. The shape
of the Ellis global beat error histogram can provide insight into why thealotbormation gain,D,, for Ellis is not
higher than the KEA and Dixon algorithms, as it is under the per-track infoomgain D. More of the beat error
mass is outside of the central peak, hence the global distribution has kigihepy than those of KEA and Dixon. If
the difference betweed and D, is small, this gives an indication of how close the per-track beat error héste
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Figure 3: The effect of temporal offset to beat tracking accuratfge® to all beat locations are from -70ms to 70ms
in 11.6ms intervals. Solid black line: Davies. Dotted line: KEA. Dashed line: Dixame with crosses: Ellis. Line
with diamonds: Deterministic beat tracker.

are to the global beat error histogram.

Based on the apparent offset error of the Ellis algorithm, we investigag¢hehthe application of fixed time offset
to the beat tracker output can lead to an improvement in overall perfoemslyeenow examine performance for each
beat tracking algorithm over-2a70ms range of constant offsets added to beat estimates in 11.6ms incresneatshf
evaluation metric. A graphical overview can be seen in Figure 3.

Referring to the variation in performance of the Ellis algorithm, we can obsarelearocalisation effect, where
performance changes dramatically according to the offset applied. tDasystematic offset between the beats and
the annotations is corrected, the performance of the Ellis algorithm beconmasmuare competitive with the other
algorithms. Under th€em,.. accuracy value, we find the best offset for the Ellis algorithm to be ar85ms (3x
11.6ms).

In terms of the evaluation methods which are unaffected by localisation wéh@iBcore and D. The resilience of
the PScore is due to the large tolerance windo#20%) and forD, the shift-invariant nature of the information gain
calculation means it is largely unaffected by consistent temporal offsets.

Over the range of offsets we can observe very consistent accsranys for the beat tracking algorithms under many
of the evaluation methods. To further investigate whether there is any segnitidference in the performance of the
beat trackers under different evaluation methods, we follow the apiproaMcKinney et al [14] who calculate the
95% confidence intervals using bootstrapping [31]. For each of tHaati@n methods we calculate 1000 bootstrap-
ping samples to estimate the mean performance. Because the global infornaatid, gs a single measure of beat
tracking performance across the whole test database (the resulrdd@€0 data points compared to 179 per-song
measurements) we do not need to use bootstrapping to calculate a confittenal for this method.
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Figure 4. Bar charts showing the 95% confidence intervals for eadhttae&ing algorithm under each evaluation
method. The beat tracking algorithms are ordered from dark to light (kefigbt): Davies (black bar), KEA, Dixon,
Ellis and the Deterministic tracker (lightest grey bar). The upper plot skkowfidence intervals without modification
to beat times, the lower plot shows beat tracking performance with an optiifisat.o The vertical scale for the
information gainD is in bits.

The confidence intervals are shown as shaded bars in Figure 4, bdtbaotracking accuracy at zero offset, and at
the optimal offset determined for each evaluation method using the resultaire &g

Overlap in the confidence intervals is an indicator that a significant diféerén beat tracking performance cannot
be shown. The results in Figure 4 similar to those in Table 1 provide a mixed g@icdRarformance without offset
correction is closest using th&score and AML; and most separable undéem,... Once the offset correction has
been employed, there is little to distinguish the beat trackers ubwlef... The dependence of the annotations on the
output of the Davies beat tracker is only clear underffh@formation-gain score.

6 Discussion

In the evaluation of existing beat tracking algorithms we have shown thatthiéve order of performance can be
affected by the choice of evaluation method used. If we ignore the cotidribaf the Davies algorithm completely,
then any of the remaining algorithms can be shown as the most successillout¢tome may either be the result
that there are no significant differences between the beat trackingthigs; where by chance any algorithm could
be most accurate. Another possibility is that the inherent properties efdliff evaluation methods fail to provide
sufficient information to discriminate between the beat trackers. An exanqivwe thePScore, where the size of
the tolerance window allowany distribution of beats within the-20% of the annotations to be correct. While a large
tolerance might be reasonable when comparing beats to multiple unaltered tapaatwhere we might expect to
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have a wide variance); on manually corrected ground truth annotatiaagoi permissive. A significant weakness
of using a wide tolerance window is that there is no scope to distinguish hetiféerent tracking algorithms whose
beats are entirely within it. Beats withit20% of the annotations and beats withif5% would identically have
PScore=100%. With the exception of th€em,.. method, the same logic can be applied to all of the evaluation
methods using tolerance windows. Our proposed information gain offgistiact advantage here, as performance
will improve as the dependence between the beats and the annotations $stameger.

Used as part of the information gain calculation, the beat error histogrsumalisation can provide additional in-
formation about the behaviour of a beat tracking system (which led to #rmiaation of the localisation effect for
the Ellis algorithm). It can also be used to determine beat tracking accufdleg other evaluation methods under
specific conditions. If all beat error measurements are within histograscbivering+20%, then we can know that
PScore=100%. Similarly it can be shown (see [32]) thabL.=100% if all beats are within-8.75%. Due to the
relationship between the additional continuity measureEMfL.=100% then all other continuity-based scores will
also be 100%.

Although the information gain method provides some advantages over existthgdsgit has inherent limitations.
We have attempted to balance the influence of localisation and metrical levelssimgieemeasure of performance.
However it is possible to have a high information gain under certain unlikedy thecking conditions. For example
if the beats are very well localised to the annotations, but are at an unmastrécal level (e.g. every 5th beat for
a piece in 4/4), this could theoretically be more accurate than poorly localesmd bt the correct tempo. If we
consider this example from the perspective of semi-automatic annotatiore teebeat tracking output is modified
to provide ground truth. It would be easier to fix the well-localised unusigtical level beats by interpolation, than
fix the timing error of all of the individual beats at the annotated tempo. Oaorrimdtion gain measure provides an
alternative way to consider beat tracking performance. As such, litotdre interpreted directly as a measurement
of beat tracking accuracy on the 0 to 100% scale as many of the other reathiod Therefore its value may be in
combination with the existing methods rather than a direct replacement.

On the basis of our investigation of evaluation methods, we can make thrae flemommendations for undertaking
comparative studies of beat tracking tracking algorithms.

e To select evaluation methods that match the aims of the experiment and dategriddimel truth is made up of
unmodified human tap sequences, placing an emphasis on continuity in traokiittge use of narrow tolerance
windows may not be appropriate.

e To verify the output of each beat tracking over a range of temporaétsf the aim should be get the fairest
measurement of performance for a particular algorithm.

e To investigate statistical significance: individual accuracy scores aufficient to determine an algorithm is
significantly better than its counterparts [33].

7 Conclusions and Future Work

In this paper we have investigated the topic of objective evaluation methioasdm based beat tracking. Our aim has
been to highlight the difficulties involved in providing meaningful measurensdrisat tracking accuracy which can
then enable a fair comparison between beat tracking algorithms. We lesanped a new method for determining beat
tracking performance which measures the information gain a beat trackedes over an entirely random sequence
of beats.

One significant limitation in our study has been that the comparison of evalumaétrods has been entirely between
objective approaches. On this basis we can make comparisons and atterfgtstrengths and weaknesses based on
intuition. However we cannot determine which evaluation methods are mostated with human subjective percep-
tion of beat tracking performance. The main focus of our future worktvélto undertake a large-scale comparison
of subjective and objective measures. We intend to investigate human judigeihperformance (as in [21]) towards
the development of more meaningful objective evaluation methods. A véeifiadbust evaluation method can form
the basis for extending the state of the art in beat tracking techniques wighiagbarch community.
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