Melodic Grouping in Music I nfor mation
Retrieval: New Methods and Applications
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Abstract We introduce the MIR task of segmenting melodies into plsasem-
marise the musicological and psychological backgrountiéaask and review ex-
isting computational methods before presenting a new médgOM, for melodic
segmentation based on statistical learning and informatimamic analysis. The
performance of the model is compared to several existingrighgns in predicting
the annotated phrase boundaries in a large corpus of folkcmlise results indi-
cate that four algorithms produce acceptable results: érieese is the IDyOM
model which performs much better than naive statistical @®and approaches the
performance of the best-performing rule-based modelghBuslight performance
improvement can be obtained by combining the output of the &gorithms in a
hybrid model, although the performance of this model is mateat best, leaving a
great deal of room for improvement on this task.

1 Introduction

The segmentation of music into meaningful units is a fundaaiépre-)processing
step for many MIR applications including melodic featurengutation, melody
indexing, and retrieval of melodic excerpts. Here, we fomushe grouping of mu-
sical elements into contiguous segments that occur segligim time or, to put it
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another way, the identification of boundaries between tred &lement of one seg-
ment and the first element of the subsequent one. This wayusftsting a musical
surface is usually referred to geouping(Lerdahl & Jackendoff, 1983) aegmen-
tation (Cambouropoulos, 2006) and is distinguished from the graupf musical
elements that occur simultaneously in time, a process lysedierred to astream-
ing (Bregman, 1990). In musical terms, the kinds of groups wé sbasider might
correspond with motifs, phrases, sections and other aspéanusical form, so
the scope is rather general. Just as speech is percepe@ihested into phonemes,
and then words which subsequently provide the buildingkddar the perception of
phrases and complete utterances (Brent, 1999b; JusczgK),18otifs or phrases in
music are identified by listeners, stored in memory and meaisdle for inclusion
in higher-level structural groups (Lerdahl & Jackendo®83; Peretz, 1989; Tan
et al, 1981). The low-level organisation of the musical surfade groups allows
the use of these primitive perceptual units in more complexctural processing
and may alleviate demands on memory.

We restrict ourselves primarily to research on symbolicgspntations of musi-
cal structure that take discrete events (individual musioges in this work) as their
musical surface (Jackendoff, 1987). Working at this le¥ellstraction, the task is
to gather events (represented in metrical time as they nhiglih a musical score)
into sequential groups. Research on segmentation fronsygubolic or acoustic
representations of music is not discussed as it generadlyatgs either at the level
of larger sections of music differing in instrumentatiorg(e Abdallahet al., 2006)
or at the lower level of separating a continuous audio stredmindividual note
events (e.g., Gjerdingen, 1999; Todd, 1994). Furtherntbespresent work empha-
sises melody (although not exclusively) reflecting the preshant trends in theo-
retical and computational treatments of perceived graypiructure in music.

Grouping structure is generally agreed to be logically petelent of metrical
structure (Lerdahl & Jackendoff, 1983) and some evidenceafeeparation be-
tween the psychological processing of the two kinds of stmechas been found
in cognitive neuropsychological (Liegeoise-Chaustedl., 1998; Peretz, 1990) and
neuroimaging research (Brochagtlal, 2000). In practice, however, metrical and
grouping structure are often intimately related and boghli&ely to serve as inputs
to the processing of more complex musical structures (led@dackendoff, 1983).
Nonetheless, most theoretical, empirical and computati@search has considered
the perception of grouping structure independently of oatistructure (Stoffer,
1985, and Temperley, 2001, being notable exceptions).

Melodic segmentation is a key task in the storage and redregvmusical infor-
mation. The melodic phrase is often considered one of theimpsrtant basic units
of musical content (Lerdahl & Jackendoff, 1983) and mangdaglectronic corpora
of music are structured or organised by phrases, for exartipeDictionary of
Musical Themes by Barlow & Morgenstern (1949), the Essekdarig Collection
(EFSC, Schaffrath, 1995) or the RISM collection (RISM-ZEHRALREDAKTION,
RISM-ZENTRALREDAKTION). At the same time, melodic grougjns thought
to be an important part of the perceptual processing of n{®tiege, 1987; Fran-
kland & Cohen, 2004; Peretz, 1989). It is also fundamentdah&phrasing of a
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melody when sung or played: melodic segmentation is a tesknttusicians and
musical listeners perform regularly in their everyday mabkpractice.

Several algorithms have been proposed for the automatadesegtion of
melodies. These algorithms differ in their modelling agmio (supervised learning,
unsupervised learning, music-theoretic rules), and intype of information they
use (global or local). In this chapter, we review these apgines before introducing
a new statistical model of melodic segmentation and compai$ performance to
several existing algorithms on a melody segmentation fHs&.motivation for this
model comparison is two-fold: first, we are interested indgbdormance differences
between different types of model; and second, we aim to laufiglbrid model that
achieves superior performance by combining boundary gtieds from different
models.

2 Background

The segmentation of melodies is a cognitive process peddroy the minds and
brains of listeners based on their musical and auditoryodigpns and experience.
Therefore, an MIR system must segment melodies in a mugiaatl psychologi-

cally informed way if it is to be successful. Before reviegtomputational models
of melodic segmentation and their use in MIR, we considepfitrapriate to survey
the musicological and psychological literature that hégrimed the development of
these models.

2.1 Music-theoretic Approaches

2.1.1 A Generative Theory of Tonal Music

Melodic grouping has traditionally been modelled throuigh identification of lo-
cal discontinuities or changes between events in termswddeal proximity, pitch,
duration and dynamics (Cambouropoulos, 2001; Lerdahl &eladoff, 1983; Tem-
perley, 2001). Perhaps the best known examples are the BpReference Rules
(GPRs) of the Generative Theory of Tonal Music (GTTM, Leddallackendoff,
1983). The most widely studied of these GPRs predict thaagghboundaries will
be perceived between two melodic events whose temporalrpityxis less than
that of the immediately neighbouring events due to a slesa(GPR 2a) or a rela-
tively long inter-onset interval or 101 (GPR 2b) or when thartsition between two
events involves a greater change in register (GPR 3a), dgsd@PR 3b), articula-
tion (GPR 3c) or duration (GPR 3d) than the immediately nledglting transitions.
Another rule, GPR 6, predicts that grouping boundaries aeregived in accordance
with musical parallelism (e.g., at parallel points in a rigatr hierarchy or after a
repeated motif). The GPRs were directly inspired by theqipiles of proximity
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(GPR 2) and similarity (GPR 3) developed to account for figgrauping in visual
perception by the Gestalt school of psychology (e.g., Kaffl935).

2.1.2 Thelmplication-Realisation Theory

Narmour (1990, 1992) presents thaplication-Realisation(IR) theory of music
cognition which, like GTTM, is intended to be general (aligb the initial pre-
sentation was restricted to melody). However, while GTTM@pes statically on
an entire piece of music, the IR theory emphasises the dynarocesses involved
in perceiving music as it occurs in time. The theory posits tistinct perceptual
systems: théottom-upsystem is held to be hard-wired, innate and universal while
thetop-down systers held to be learnt through musical experience. The two sys-
tems may conflict and, in any given situation, one may ow#-the implications
generated by the other.

In the bottom-up system, sequences of melodic intervalg wathe degree of
closurethat they convey. An interval which is unclosed (i.e., onatthenerates
expectations for a subsequent interval) is said to bienglicative intervaland gen-
erates expectations for the following interval, termedriéedised interval The ex-
pectations generated by implicative intervals for redlisgervals are described by
Narmour (1990) in terms of several principles of continoiativhich are, again, in-
fluenced by the Gestalt principles of proximity, similayignd good continuation.
Strong closure, however, signifies the termination of ongonelodic structure (i.e.,
a boundary) and the melodic groups formed either side of thedhary thus cre-
ated can share different amounts of structure dependinheiegree of closure
conveyed. Furthermore, structural notes marked by strtosye at one level can
transformto a higher level, itself amenable to analysis as a musiagécel in its
own right, thus allowing for the emergence of hierarchieskls of structural de-
scription of a melody.

2.2 Psychological Studies

Early studies of musical segmentation (Gregory, 1978; &lab& Gregory, 1980;
Stoffer, 1985) provided basic evidence that listenersgt@lly organise melodies
into structural groups using a click localisation paradiagiapted from research on
perceived phrase structure in spoken language (Fodor &rB#965; Ladefoged &
Broadbent, 1960). More recently, two kinds of experimetask have been used to
study perceptual grouping in music.

The first is a short-term memory recognition paradigm inticet! by Dowling
(1973), based on studies of phrase perception in languanyegiB 1970; Waugh &
Norman, 1965). In a typical experiment listeners are firsspnted with a musical
stimulus containing one or more hypothesised boundarifsdéeing presented
with a short excerpt (the probe) and asked to indicate whétteppeared in the
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stimulus. The critical probes either border on or straddigothesised boundary
and it is expected that due to perceptual grouping, the fomwilkebe recalled more
accurately or efficiently than the latter. Dowling’s origlexperiment demonstrated
that silence contributes to the perception of melodic sedineundaries. Using the
same paradigm, Taet al. (1981) demonstrated the influence of harmonic closure
(e.g., a cadence to the tonic chord) with an effect of mugieaiing such that mu-
sicians were more sensitive to this parameter than nonemansi.

In the second paradigm, subjects provide explicit judgamehboundary loca-
tions while listening to the musical stimulus. The indicht®oundaries are subse-
quently analysed to discover what principles guide per@®egmentation. Using
this approach with short musical excerpts, Deliege (18@&dmd that musicians and
(to a lesser extent) non-musicians identify segment batugslan accordance with
the GPRs of GTTM (Lerdahl & Jackendoff, 1983) especiallystéheelating to rests
or long notes and changes in timbre or dynamics. These factwe also been found
to be important in large-scale segmentation by musicadliréd listeners of piano
works composed by Stockhausen and Mozart (Clarke & Krunmha@80). Fran-
kland & Cohen (2004) collected explicit boundary judgenseindom participants
listening to six melodies (nursery rhymes and classicah#® and compared these
to the boundaries predicted by quantitative implementataf GPRs 2a, 2b, 3a and
3d (see Table 1). The results indicated that GPR 2b (Attadktpproduced consis-
tently strong correlations with the empirical boundaryfipes, while GPR 2a (Rest)
also received support in the one case where it applied. Ndre@psupport was
found for GPRs 3a (Register Change) and 3d (Length change).

Given the differences between these two experimental gares it is not cer-
tain that they probe the same cognitive systems. Peret®jERiressed this ques-
tion by comparing both methods on one set of stimuli (Frewtkihelodies). The
judgement paradigm (online, explicit) showed that musigiand non-musicians
responded significantly more often in accordance with GPRL&mgth change)
than they did with GPR 3a (Register Change). However, thegrition-memory
paradigm (offline, implicit) showed no effect of boundarpéyfor either group of
participants. To test the possibility that this discrepaiscdue to a loss of infor-
mation in the offline probe-recognition task, Peretz cdroat a third experiment
in which participants listened to a probe followed by the odgl and were asked
to indicate as quickly and accurately as possible whetteeptbbe occurred in the
melody. As predicted, the results demonstrated an influehG#®R 3d, but not 3a,
on boundary perception. In contrast to these results, hexvevankland & Cohen
(2004) found no major difference between the results ofr teeplicit judgement
task and a retrospective recognition-memory task usingdhee materials.

Many questions remain open and further empirical study cessary to fully
understand perceptual grouping. Nonetheless, psyclaloggsearch has guided
the development of computational models of melodic segatimt, which can be
applied to practical tasks in MIR.
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Table 1 The quantification by Frankland & Cohen (2004) of GTTM’s gong preference rules
which identify boundaries between notes based on theimgptigs (n) including local proximity to

other notes (GPR 2) or the extent to which they reflect locahglkes in pitch or duration (GPR 3).
1 indicates that the result is undefined.

GPRDescription  |n Boundary Strength
2a |Rest absolute length of rest (semibreve = 1.0)
. 10— 2% jfny > Ay >n
2b |Attack-point  |length 2xm; 2- B2~
€L otherwise

| " ‘ﬁm¢mA

1.0 IMmoreltinsnal )~ n sy | A
Register changgitch heigh 2x|np—ng|

3a |Register changeitch heig INo— | > | — M|
1L otherwise

10— {nl/ng if ng>np

3d |Length change|length
¢ 9 g ng/np ifng<m

2.3 Computational Models

Tenney & Polansky (1980) were perhaps the first to proposmdbmodels of
melodic segmentation based on Gestalt-like rules, whidatme the dominant
paradigm in the years to come. In this section,q we revieegtimodels developed
within this tradition: quantified versions of the GPRs fromi @/ (Frankland &
Cohen, 2004); the Local Boundary Detection Model (Cambpautos, 2001); and
Grouper (Temperley, 2001). We also summarise previousestulat have evalu-
ated the comparative performance of some of these modelgloidin segmenta-
tion. Recently, there has been increasing interest in usiachine learning to build
models that learn about grouping structure, in either arsiged or unsupervised
manner, through exposure to large bodies of data (Bod, 2@ht, 1999a; Ferrand
et al, 2003; Saffraret al,, 1999). The model we present follows this tradition and
we include some related work in our review. In another dicegtsome researchers
have combined Gestalt-like rules with higher-level prates based on parallelism
and music structure (Ahlback, 2004; Cambouropoulos, 006odels which are
mentioned for the sake of completeness but not reviewedtailde

2.3.1 Grouping Preference Rules

Inspired by the GTTM, Frankland & Cohen (2004) quantified GRPR, 2b, 3a and
3d as shown in Table 1. Since a slur is a property of the IOlevhilest is an absence
of sound following a note, they argued that these two compize GPR 2a should
be separated and, in fact, only quantified the rest aspeate SEPRs 2a (Rest),
2b (Attack-point) and 3d (Length change) concern percedug@tion, they were
based on linearly scaled time in accordance with psychadiooresearch (Allan,
1979). Finally, a natural result of the individual quangtions is that they can be
combined using multiple regression (a multivariate extam$o linear correlation,
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Howell, 2002) to quantify the implication contained in GPRdtensification) that
co-occurrences of two or more aspects of GPRs 2 and 3 leawtwst boundaries.

2.3.2 TheLocal Boundary Detection M odel

Cambouropoulos (2001) proposes a model related to theifjgdr@PRs in which
boundaries are associated with any local change in intenzgnitudes. Thé.o-

cal Boundary Detection ModelLBDM) consists of achangerule, which as-
signs boundary strengths in proportion to the degree of ghéetween consecu-
tive intervals, and groximity rule, which scales the boundary strength according
to the size of the intervals involved. The LBDM operates oseveral indepen-
dent parametric melodic profild& = [x1,%2,...,%n] Wherek € {pitch, ioi, rest,

xi > 0,i € {1,2,...,n} and the boundary strength at interxala pitch interval in
semitones, inter-onset interval, or offset-to-onsetrirgh is given by:

S =X x (f_1i+Trij+1) 1)
where the degree of change between two successive intervals

o ‘2;211‘ if X +Xi117#0AX,X+1>0 :
fiiv1= . (2)

For each parametér the boundary strength profi& = [s1,S, . . ., 5] is calculated
and normalised in the rand@ 1]. A weighted sum of the boundary strength profiles
is computed using weights derived by trial and error (.25gdibch andrest, and .5
for ioi), and boundaries are predicted where the combined profileesls a thresh-
old which may be set to any reasonable value (Cambouropaoskxs a value such
that 25% of notes fell on boundaries).

Cambouropoulos (2001) found that the LBDM obtained a rexfai3-74% of
the boundaries marked on a score by a musician (dependinfgeathrieshold and
weights used) although precision was lower at 55%. In furéxperiments, it was
demonstrated that notes falling before predicted bouadarere more often length-
ened than shortened in pianists’ performances of Mozantsanatas and a Chopin
étude. This was also true of the penultimate notes in theigtesl groups.

More recently, Cambouropoulos (2006) proposed a compleanemodel which
identifies instances of melodic repetition (or parallelissnd computes a pattern
segmentation profile. While repetitions of melodic patsaare likely to contribute to
the perception of grouping (see GPR 6 above), this modetigaia fully developed
model of melodic segmentation as it operates at a “locall lgxe within a time
window rather than [on] a whole piece)” (Emilios Cambourojos, personal email
communication, 09/2007).
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2.3.3 Grouper

Temperley (2001) introduces a model call@douper which accepts as input a
melody, in which each note is represented by its onset tiffignee, chromatic pitch
and level in a metrical hierarchy (which may be computedgisibbeat-tracking al-
gorithm or computed from the time signature and bar linekéke are available),
and returns a single, exhaustive partitioning of the melimdy non-overlapping
groups. The model operates through the application of tAhease Structure Pref-
erence RuleéPSPRs):

PSPR 1 (Gap Rule): prefer to locate phrase boundaries ar@® 10Is and (b)
large offset-to-onset intervals (OOI); PSPR 1 is calcda® the sum of the 101
and OOl divided by the mean 10l of all previous notes;

PSPR 2 (Phrase Length Rule): prefer phrases with about X% nathieved by
penalising predicted phrases Kjog, N) — log, 10| whereN is the number of
notes in the predicted phrase — the preferred phrase lemgtioserad hoc(see
Temperley, 2001, p. 74), to suit the corpus of music beindistli(in this case
Temperley’s sample of the EFSC) and therefore may not bergene

PSPR 3 (Metrical Parallelism Rule): prefer to begin sudeeggroups at parallel
points in the metrical hierarchy (e.g., both on the first lwddlhe bar).

The first rule is another example of the Gestalt principleevhporal proximity
(cf. GPR 2 above) while the third is related to GPR 6; the sdasas determined
through an empirical investigation of the typical phraseglés in a collection of
folk songs. The best analysis of a given piece is computetheffising a dy-
namic programming approach where candidate phrases dtmmdaccording to
a weighted combination of the three rules. The weights weterchined through
trial and error. Unlike the other models, this procedureltssn binary segmenta-
tion judgements rather than continuous boundary strenBghsvay of evaluation,
Temperley used Grouper to predict the phrase boundariglsech@am 65 melodies
from the EFSC, a collection of several thousand folk songk phrase boundaries
annotated by expert musicologists, achieving a recalf®fnd a precision af74.

2.3.4 DataOriented Parsing

Bod (2001) argues for a supervised learning approach to lireggieelodic group-
ing structure as an alternative to the rule-based apprésebxamined three gram-
mar induction algorithms originally developed for autoethtanguage parsing in
computational linguistics: first, the treebank grammarrésy technique which
reads all possible context free rewrite rules from the trgjrset and assigns each
a probability proportional to its relative frequency in tinaining set (Manning &
Schitze, 1999); second, the Markov grammar techniquehndssigns probabilities
to context free rules by decomposing the rule and its prdibably a Markov pro-
cess, allowing the model to estimate the probability ofsukeat have not occurred
in the training set (Collins, 1999); and third, a Markov graar augmented with a
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Data Oriented Parsing (DOP, Bod, 1998) method for conditigithe probability
of a rule over the rule occurring higher in the parse tree. stfiest parsing algo-
rithm based on Viterbi optimisation (Rabiner, 1989) wasdusegenerate the most
probable parse for each melody in the test set given eacledhtlke models. Bod
(2001) evaluated the performance of these three algorithm®dicting the phrase
boundariesin the EFSC using F1 scores (Witten & Frank, 1991 results demon-
strated that the treebank technique yielded moderately fnigcision but very low
recall 1= .07), the Markov grammar yielded slightly lower precisiort luch
higherrecall F1 = .71) while the Markov-DOP technique yielded the highestiprec
sion and recallf 1 = .81). A qualitative examination of the folk song data revdale
several cases (15% of the phrase boundaries in the test ketewhe annotated
phrase boundary cannot be accounted for by Gestalt prexchpit is predicted by
the Markov-DOP parser.

2.3.5 Transition Probabilitiesand Pointwise Mutual | nformation

In research on language acquisition, it has been shownrtfaatits and adults reli-
ably identify grouping boundaries in sequences of synttsstiables on the basis of
statistical cues (Saffragt al., 1996). In these experiments participants are exposed
to long, isochronous sequences of syllables where the efibie cue to bound-
aries between groups of syllables consist of higher tramsjirobabilities within
than between groups. #ansition (or digram) probability(TP) is the conditional
probability of an elemerg; atindexi € {2,..., ]} in a sequencel of lengthj given

the preceding elemert_1:

counte ;)
- count(e,i) ' (3)

whereel}, is the subsequence ebetween indicemandn, e is the element at index
m of the sequenceandcount(x) is the number of times thatappears in a training
corpus. Further research using the same experimentaligarddhs demonstrated
that infants and adults use the implicitly learnt statatforoperties of pitch (Saffran
et al, 1999), pitch interval (Saffran & Griepentrog, 2001) andlscdegree (Saf-
fran, 2003) sequences to identify segment boundaries dvetsie of higher digram
probabilities within than between groups.

In a comparison of computational methods for word identiiicain unseg-
mented speech, Brent (1999a) quantified these ideas in al madeouts a word
boundary between phonemes whenever the transition piapalbie is lower than
at bothg_1 ande 1. Brent also introduced a related model that replaces digram
probabilities withpointwise mutual informatio(PMl), | (&,€_1), which measures
how much the occurrence of one event reduces the model'staitg about the
co-occurrence of another event (Manning & Schitze, 1988)isdefined as:

p(elei-1)

p(qfl)

p@)p(e 1) )

I(e,6-1) =log,



10 Pearce, Mullensiefen and Wiggins

While digram probabilities are asymmetrical with respecthe order of the two
events, pointwise mutual information is symmetrical irsttéspect. Brent (1999a)
found that the pointwise mutual information model outparfed the transition
probability model in predicting word boundaries in phonetrénscripts of phonemically-
encoded infant-directed speech from the CHILDES collec{iblacWhinney &
Snow, 1985).

Brent (1999a) implemented these models such that a boundarglaced when-
ever the statistic (TP or PMI) was higher at one phonetictionahan in the imme-
diately neighbouring locations. By contrast, here we auiesia boundary strength
profile P at each note positionfor each statistiS= {TP, PMI} such that:

(5)

o [sisy 1S>SaAS>Sa
I 0 otherwise

2.3.6 Model Comparisons

The models reviewed above differ along several differemisgfisions. For example,
the GPRs, LBDM and Grouper use rules derived from expert cali&nowledge
while DOP and TP/PMI rely on learning from musical examplasoking in more
detail, DOP uses supervised training while TP/PMI uses p@stsed induction
of statistical regularities. Along another dimension, @@Rs, LBDM and TP/PMI
predict phrase boundaries locally while Grouper and DO&hgtt to find the best
segmentation of an entire melody.

Most of these models were evaluated to some extent by thibioesiand, in some
cases, compared quantitatively to other models. Bod (2@6r1¢xample, compared
the performance of his data-oriented parsing with otheseatiorelated methods
(Markov and treebank grammars). In addition, however, adhdrof studies has
empirically compared the performance of different melasgmentation models.
These studies differ in the models compared, the type ofrgtdruth data used
and the evaluation metrics applied. Melucci & Orio (2008y), é&xample, collected
the boundary indications of 17 expert musicians and expeei@ music scholars on
melodic excerpts from 20 works by Bach, Mozart, Beethovesh@hopin. Having
combined the boundary indications into a ground truth, tnaluated the perfor-
mance of the LBDM against three models that inserted boueslafter a fixed (8
and 15) or random (in the range of 10 and 20) numbers of notekiddi & Orio
report false positives, false negatives and a measure af@isment which show
that the LBDM outperforms the other models.

Melucci & Orio noticed a certain amount of disagreement leetthe segmen-
tation markings of their participants. However, as theyrditiobserve clear distinc-

1 Manning & Schitze (1999) note that pointwise mutual infation is biased in favour of low-
frequency events inasmuch as, all other things being efuall,be higher for digrams composed
of low-frequency events than for those composed of higgtfeacy events. In statistical language
modelling, pointwise mutual information is sometimes fedsd ascount(xy)l (x,y) to compensate
for this bias.
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tions between participants when their responses weredsbgl®|DS and subjected
to a cluster analysis, they aggregated all participantshidary markings to binary
judgements using a probabilistic procedure.

Bruderer (2008) evaluated a broader range of models in § siutthe grouping
structure of melodic excerpts from six Western pop songe. gitound truth seg-
mentation was obtained from 21 adults with different degrfemusical training;
the boundary indications were summed within consecutive tvindows to yield a
quasi-continuous boundary strength profile for each meBdyderer examined the
performance of three models: Grouper, LBDM and the summeRsZBPR 2a, 2b,
3a and 3d) quantified by Frankland & Cohen (2004). The outpe&oh model was
convolved with a 2.4s Gaussian window to produce a boundeeggth profile that
was then correlated with the ground truth. Bruderer regbesthe LBDM achieved
the best and the GPRs the worst performance.

In another study, Thorat al. (2002) compared the predictions of the LBDM and
Grouper with segmentations at the phrase and subphrasefeveled (using a pen
on a minimal score while listening to a MIDI file) by 19 musietperts for 10
melodies in a range of styles. In a first experiment, Thedral. examined the aver-
age F1 scores between experts for each melody, obtainingyvahnging between
.14 and .82 for phrase judgements and .35 and .8 for subpjudgements. The
higher consistencies tended to be associated with meladiese phrase structure
was emphasised by rests. In a second experiment, the parioeof each model on
each melody was estimated by averaging the F1 scores ovédteeperts. Model
parameters were optimised for each individual melody. ®seilis indicated that
Grouper tended to outperform the LBDM. Large IOIls were andngnt factor in
the success of both models. In a third experiment, the pied& of each model
were compared with the transcribed boundaries in sevetabets from the EFSC.
The model parameters were optimised over each dataset anddgtlts again in-
dicated that Grouper (with mean F1 between .6 and .7) owtpagd the LBDM
(mean F1 between .49 and .56). Finally, in order to examieetability of the two
models, each was used to predict the expert boundary pro§ileg parameters op-
timised over the EFSC. The performance of both algorithms wgaired, most
notably for the subphrase judgements of the experts.

To summarise, the few existing comparative studies sudgasmore complex
models such as Grouper and LBDM outperform the individuaR@es even when
the latter are combined in an additive manner (Bruderer8p0%hether Grouper
or LBDM exhibits a superior performance seems to depend erd#ia set and
experimental task. Finally, most of these comparativeistuagsed ground truth seg-
mentations derived from manual annotations by human juddewever, only a
limited number of melodies can be tested in this way (ran§ioig 6 in the case of
Bruderer, 2008 to 20 by Melucci & Orio, 2002). Apart from Thetral. (2002, Ex-
periment D), there has been no thorough comparative evatuater a large corpus
of melodies annotated with phrase boundaries. Howevarsthdy did not include
the GPRs and to date, no published study has directly comphese rule-based
models with learning-based models (as we do here).
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2.4 A New Segmentation Model

2.4.1 ThelDyOM Model

As we have seen, most existing models of melodic groupingisbaf collections of
symbolic rules that describe the musical features corredipg to perceived groups.
Such models have to be adjusted by hand using detailedori knowledge of a
musical style. Therefore, these models are not only dorspétific, pertaining only
to music, but also potentially style specific, pertainingydo Western tonal music
or even a certain genre.

We present a new model of melodic grouping (the Informatigmdmics Of
Music, or IDyOM, model) which, unlike the GPRs, the LBDM ando@per, uses
unsupervised learning from experience rather than exquetéd symbolic rules. The
model differs from DOP in that it uses unsupervised, rath@n supervised, learning
which makes it more useful for identifying grouping bourdarin corpora where
phrase boundaries are not explicitly marked. The IDyOM nhdalees the same
overall approach and inspiration from experimental psiain(Saffran, 2003; Saf-
fran & Griepentrog, 2001; Saffragt al, 1999) as the TP/PMI models (s§23.5).

In contrast to these models, however, IDyOM uses a rangeatksgies to improve
the accuracy of its conditional probability estimates.d@efdescribing these aspects
of the model, we first review related research in musicoleggnitive linguistics
and machine learning that further motivates a statistippt@ach to segmentation.

From a musicological perspective, it has been proposedpiraeptual groups
are associated with points of closure where the ongoingitiegrprocess of ex-
pectation is disrupted either because the context failditoutate strong expec-
tations for any particular continuation or because theaatantinuation is unex-
pected (Meyer, 1957; Narmour, 1990, $gel.2). These proposals may be given
precise definitions in an information-theoretic framewvacKay, 2003; Manning
& Schitze, 1999) which we define by reference to a model ofisecesg, com-
posed of symbols drawn from an alphabBetThe model estimates the conditional
probability of an element at inden the sequence given the preceding elements in
the sequencep(e |e'1*1). Given such a model, the degree to which an event appear-
ing in a given context in a melody is unexpected can be defisg¢denformation
content(MacKay, 2003)h(e |e'l*1), of the event given the context:

1
pleld—1)
p(ele; )
The information content can be interpreted as the conteuhexpectedness or sur-
prisal associated with an event. The contextual unceytaiithe model’s expecta-

tions in a given melodic context can be defined asethi@opy(or average informa-
tion content) of the predictive context itself:

h(ele; ) = log, (6)

H(E ) =3 plale; Hhiale ). (7)

ecs
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We hypothesise that boundaries are perceived before deemtbich the unexpect-
edness of the outcomh)(and the uncertainty of the predictiod ) are high. These
correspond to two ways in which the prior context can failnform the model’s
sequential predictions leading to the perception of a disnaity in the sequence.
Segmenting at these points leads to cognitive represensatif the sequence (in this
case a melody) that maximise likelihood and simplicity (@hater, 1996, 1999). In
the currentwork, we focus on the information contdmifeaving the role of entropy
(H) for future work.

There is evidence that related information-theoretic djtias are important in
cognitive processing of language. For example, it has tgcbren demonstrated
that the difficulty of processing words is related both toirthr@ormation content
(Levy, 2008) and the induced changes in entropy over pasgitaimmatical contin-
uations (Hale, 2006). Furthermore, in machine learninga@mdputational linguis-
tics, algorithms based on the idea of segmenting beforepguted events can iden-
tify word boundaries in infant-directed speech with somecegs (Brent, 1999a).
Similar strategies for identifying word boundaries haverbamplemented using re-
current neural networks (Elman, 1990). Recently, Coéteal. (2007) proposed a
general method for segmenting sequences based on twopbeisicirst, so as to
maximise the probability of events to the left and right af toundary; and second,
so as to maximise the entropy of the conditional distributigross the boundary.
This algorithm was able to successfully identify word boariels in text from four
languages as well as episode boundaries in the activitiasrafbile robot.

The digram models used by TP and PMI are specific examplesasfarlclass
of models callech-gram models (Manning & Schitze, 1999). Argram is a se-
quence oh symbols consisting of aontextof n— 1 symbols followed by a single
symbolprediction A digram, for example, is a sequence of two symbals=(2)
with a single symbol context and a single symbol predictéam.n-gram model is
simply a collection oh-grams each of which is associated with a frequency count.
The quantityn — 1 is known as therder of the model and represents the number
of symbols making up the sequential context within which pihediction occurs.
During thetraining of the statistical model, these counts are acquired thr@mgh
analysis of some corpus of sequences (the training setpitatiget domain. When
the trained model is exposed to an unseen sequence drawithfediarget domain,
it uses the frequency counts associated witframs to estimate a probability dis-
tribution governing the identity of the next symbol in thejgence given tha— 1
preceding symbols. Therefore, an assumption madegram modelling is that the
probability of the next event depends only on the previousl events:

pale; D) ~ palet).,)

However,n-gram models suffer from several problems, both in genendl a
specifically when applied to music. The TP and PMI models areeptually sim-
ple but, as models of musical structure, they have at leastrtajor shortcomings.
The first is general: probabilities are estimated purelylentiasis of digram (first
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order) statistics collected from some existing corpus. $éeond problem is rep-
resentational and specific to music: in estimating the gribaof a note, only its
pitch (and that of its predecessor) are taken into condidera the timing of the
note is ignored. In the IDyOM model, we address these shmitugs as described
below.

Regarding the first problem, that of probability estimatilibyOM uses several
methods drawn from the literature on text compression (&&edll, 1990; Bunton,
1997) and statistical language modelling (Manning & Seb{111999) to improve
the prediction performance of the model. The following isreetbdescription of
the principal methods used; technical details can be folselbiere (Conklin &
Witten, 1995; Pearcet al, 2005; Pearce & Wiggins, 2004).

Since the model is based argrams, one obvious improvement would be to in-
crease the model order (i.@), However, while low-order models fail to provide an
adequate account of the structural influence of the contetgasing the order can
prevent the model from capturing much of the statisticallagty present in the
training set (an extreme case occurring when the model enesuam-gram that
does not appear in the training set and returns an estimatéafplity of zero). To
address this problem (and maximise the benefits of both lo@+égh-order mod-
els) the IDyOM model maintains frequency counts duringiirej forn-grams of all
possible values af in any given context. This results in a large numben-gframs;
the time and space complexity of both storage and retrieeatendered tractable
through the use of suffix trees augmented with frequency tso(Bunton, 1997;
Larsson, 1996; Ukkonen, 1995). During prediction, disttitns are estimated us-
ing a weighted sum of all models below an order bound thaesaiepending on
the context (Cleary & Teahan, 1997; Pearce & Wiggins, 2004)s bound is de-
termined in each predictive context using simple heudstiesigned to minimise
uncertainty (Cleary & Teahan, 1997). The combination isgfesd such that higher-
order predictions, which are more specific to the contexgike greater weighting
than lower-order predictions, which are more general @hi& Bell, 1991).

Another problem with many-gram models is that a static (pre-trained) model
will fail to make use of local statistical structure in the siit is currently
analysing. To address this problem, IDyOM includes two Kindl model: first, a
staticlong-termmodel that learns from the entire training set before bekmpsed
to the test data; and secondsteort-termmodel that is constructed dynamically and
incrementally throughout each individual melody to whitis iexposed (Conklin &
Witten, 1995; Pearce & Wiggins, 2004). The distributiortsineed by these models
are combined using an entropy-weighted multiplicative bioration scheme cor-
responding to a weighted geometric mean (Peatcal, 2005) in which greater
weights are assigned to models whose predictions are assoevith lower entropy
(or uncertainty) at that point in the melody.

A final issue regards the fact that music is an inherently indlithensional phe-
nomenon. Musical events have many perceived attributésdimg pitch, onset time
(the start point of the event), duration, timbre and so oraddition,sequencesf
these attributes may have multiple relevant emergent dsilnea. For example, pitch
interval, pitch class, scale degree, pitch contour (risiaging or unison) and many
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other derived features are important in the perception awadlysis of pitch struc-
ture. To accommodate these properties of music into the medeuse a multiple
viewpoint approach to music representation (Conklin & ¥/tt1995). The mod-
elling process begins by choosing a set of basic propertieaugical events (e.g.,
pitch, onset, duration, loudness etc) that we are intetdat@redicting. As these
basic features are treated as independent attributesptiobiabilities are computed
separately and the probability of a note is simply the prodéithe probabilities of
its attributes. Each basic feature (e.qg., pitch) may theprbdicted by any number
of models for different derived features (e.g., pitch iasr scale degree) whose
distributions are combined using the same entropy-weibétbeme (Pearc al.,
2005).

The use of long- and short-term models, incorporating meodélderived fea-
tures, the entropy-based weighting method and the use ofitiplizative (as op-
posed to a weighted linear or additive) combination schelnienarove the per-
formance of IDyOM in predicting the pitches of unseen medsdiechnical details
of the model and its evaluation can be found elsewhere (@o8&kWitten, 1995;
Pearceet al,, 2005; Pearce & Wiggins, 2004). The goal in the current wookyever,
is to test its performance in retrieving segmentation bawied in large corpora of
melodies. Here, we use the model to predict the pitch, 101@@d associated with
melodic events, multiplying the probabilities of theseihtites together to yield
the overall probability of the event. For simplicity, we use derived features. We
then focus on the unexpectedness of events (informatiotengh) using this as a
boundary strength profile from which we compute boundargtioos, as described
in §2.4.2.

2.4.2 Peak Picking

To convert the boundary strength profile produced by IDyOM & concrete seg-
mentation, we devised a simple method that achieves thigyubkree principles.
First, given a vecto8 of boundary strengths for each note in a melody, the note fol-
lowing a boundary should have a greater or equal boundaggtin than the note
following it: S, > S, 1. Second, the note following a boundary should have a greater
boundary strength than the note precedingit> S,_1. Third, the note following a
boundary should have a high boundary strength relativesttoital context. We im-
plement this principle by requiring the boundary strengthek standard deviations
greater than the mean boundary strength computed in alinearghted window
from the beginning of the piece to the preceding event:

31 > k\/zpf—(wls _SN,l...I‘lfl)2 + ZP;]?-WIS (8)

S w ST tw
wherew; are the weights associated with the linear decay (triamgutedow) and

the parametek is allowed to vary depending on the nature of the boundaength
profile.
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3 Method

3.1 The Ground Truth Data

The IDyOM model was tested against existing segmentatiodetsoon a subset
of the EFSC, databad# k, containing 1705 Germanic folk melodies encoded in
symbolic form with annotated phrase boundaries which weserted during the
encoding process by folk song experts. The dataset cort8i895 note events at
an average of about 46 events per melody and overall aboubi a%ies fall before
boundaries (a boundary occurs between two notes). Therdyisoae hierarchical
level of phrasing and the phrase structure exhaustivelgisubs all the events in a
melody.

3.2 TheModels

The models included in the comparison are as follows:

Grouper: as implemented by Temperley (2081);

LBDM: as specified by Cambouropoulos (2001) with- 0.5;
IDyOM: as specified ir§2.4.1 withk = 2;

GPR2a: as quantified by Frankland & Cohen (2004) \With 0.5;
GPR2b: as quantified by Frankland & Cohen (2004) with 0.5;
GPR3a: as quantified by Frankland & Cohen (2004) \ith 0.5;
GPR3d: as quantified by Frankland & Cohen (2004) with 2.5;
TP: asdefined i§2.3.5 withk = 0.5;

PMI. as defined ir§2.3.5 withk = 0.5;

Always: every note falls on a boundary;

Never: no note falls on a boundary.

The Always model predicts a boundary for every note whileNleger model never
predicts a boundary for any note. Grouper outputs binaryndary predictions.
These models, therefore, do not use the peak-picking andarassociated with
a value ofk. The output of every other model was processed by SimpleePiging
a value ofk chosen from the se€t0.5,1,1.5,2,2.5,3,3.5,4} so as to maximise F1
(and secondarily Recall in the case of ties).

The DOP method (Bod, 2001) is not included due to the comiglexits imple-
mentation and lack of any third party software that is stifigywardly applicable
to musical data.

The IDyOM, TP and PMI models were trained and evaluated oodies taken
from the Er k dataset. In order to demonstrate generalisation, we ad@pteoss-
validation strategy in which the dataset is divided iktdisjoint subsets of approx-
imately equal size. The model is trainkdimes, each time leaving out a different

2 Adapted for use with Melconv 2 by Klaus Frieler.
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Fig. 1 An example showing the binary vectors representing the sagation of a melody.

subset to be used for testing. A valuekof 10 was used which has been found to
produce a good balance between the bias associated withwatugs ofk and the
high variance associated with large value& @Kohavi, 1995).

3.3 Making Model Outputs Comparable

The outputs of the algorithms tested vary considerablyl&@&rouper marks each
note with a binary indicator (1 = boundary, 0 = no boundary bther models
output a positive real number for each note which can bepné¢ed as a bound-
ary strength. In contrast to Bruderer (2008) we chose to nallsegmentation al-
gorithms comparable by picking binary boundary indicagidrom the boundary
strength profiles.

To do so, we applied the peak-picking procedure describefi2id.2 to the
boundary profiles of all models (except Grouper which preduainary boundary
judgements) and chose a valuekab optimise the performance of each model in-
dividually. In practice, the optimal value &fvaries between algorithms depending
on the nature of the boundary strength profiles they produce.

In addition, we modified the output of all models to predictimplicit phrase
boundary on the last note of a melody.

3.4 Evaluation Measures

It is common to represent a segmentation of a melody usingarypivector with
one element for each event in the melody indicating, for eaemt, whether or not
that event falls on a grouping boundary. An example is showkigure 1.

Given this formulation, we can state the problem of comggtfire segmentation
of a model with the ground truth segmentation in terms of cetimg the simi-
larity or distance between two binary vectors. Many methexdst for comparing
binary vectors. For example, version 14 of the commercigisical software pack-
age SPSS provides 27 different measures for determiningjthiarity or distance
between binary variables. Additional measures have begpoged in the areas of
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Table2 A summary of the outcomes of comparing prediction and grdwtth binary data.
Ground Truth

P N
.. p|TP FP
Predlctlonn EN TN

data mining and psychological measurement. The apprepmaasure to use de-
pends on the desired comparison and the nature of the ddtal¢Sa & Lapalme,
2007). Here we introduce and compare five methods that arelyvicsed in psy-
chology, computer science and biology.

These methods enable us to compute the similarity betweengohenal data
encoded as a binary vector, tii@und truth and the output of a model of the process
generating that data, thpediction encoded in the same way.

All methods start with the 2 x 2 table shown in Table 2 which marises the
co-occurrences of binary events between the ground trudhtan prediction. The
ground truth positives (P) and negatives (N), respectjaly the numbers of posi-
tions where the ground truth vector contains 1 and 0. Theigestipositives (p) and
negatives (n) indicate numbers of positions where the ptiedi vector contains 1
and 0 respectively. Thgue positives (TP)s the number of positions where both
ground truth and prediction vectors indicate 1 while the negatives (TNis the
number of positions where both vectors contairF@lse positives (FPandfalse
negatives (FNare the numbers of locations where the ground truth and gredi
vectors differ. In the former case, the prediction contdinghere the ground truth
contains 0, andice versdor the latter.

One of the most intuitive measures for comparing binary ascis accuracy
defined as the number of times the prediction vector and grtuth vector agree
as a proportion of the total number of entries in the vector:

However, this measure @fccuracycan be misleading when the ground truth data
is skewed. For example, if the proportion of negative casdbe ground truth is
.8, a model that always gives a negative answer will achievacanracy of 80%.
The following measures take into account the proportionasitive and negative
instances in the ground truth data which means that the walescomparable across
the distributions occurring in different datasets.

Psychologists are often interested in the agreement batlveman raters or
judges when they assess the same items and Kappeaé become one of the most
frequently used measures for assessing inter-rater agreehis conceptually re-
lated to the accuracy measure but takes the distributidredfto binary classes into
account and thus resembles the well-kngyndistribution. The variant known as
Fleiss’ k (Fleiss, 1971) is formulated for multiple-class ratingd anultiple raters.
Reducingk to binary markings from only two sources (raters) and usiegrio-

accuracy=
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tation introduced above is defined as the difference between the proportions of
actual agreemenP{ = accuracy and expected agreememir{):

Pr—Pre
= 10
1—Pre (10)
where:
TP+TN
Pr:—EIKr,P@:P@+P%, (11)
P+p N+n
Pri=——" Pro=—"o o« 12
=Ny 0T 2 PN 12)
(13)

Another measurey’ (Green & Swets, 1966), was developed in psychophysics
and is often used to measure human ability to detect a phaticue in a signal
or distinguish two stimuli differing along some dimensidirhas been also widely
used to analyse experimental data in other areas of cogmiychology such as
memory. It is defined as:

TP FP
TP+ EN) AEPrTN (14)

wherez() is the cumulative distribution function of the normal probidy distribu-
tion.

In modern data mining, the following three measures aredst@hmethods for
evaluating query-based systems for document retrievatéWw& Frank, 1999)Pre-
cisionreflects the true positives as a proportion of the posititputiof the predic-
tion while Recallreflects the true positives as a proportion of the positita ofethe
ground truthF1 is the harmonic mean of the two.

d =z

Precision= TP
 TP+FP’
TP
Recall= TPTEN’
2. precision recall
F1=27F

precision+recall -

4 Results

Before comparing the performance of the models, it is ir$iva to consider the
problem of how to evaluate quantitatively the degree of &spondence between
two segmentations of a melody. To do so, we compute the Reamsoelation co-
efficients between the different evaluation measures testin §3.4 for each pair-
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wise comparison between each models output for each metotieidataset. The
results are shown in Table 3.

Table 3 Correlations between evaluation measures over models atutiies.

Accuracy Precision Recall F1d' «
Accurac 1
Precision 0.56 1
Recall -0.31 0.08 1
F1 0.45 069 063 1
d 0.52 0.48 064 091 1
K 0.86 0.70 0.17 0.830.84 1

Precision and Recall each only take into consideration amd( error (i.e. FP
or FN) and show low or moderate correlations with the other mess(and very
low correlations with each other as expected). Here, hormyewe want a measure
that takes into account both kinds of errer.F1 andd’ all correlate very highly
with each other because they all refl€@® in relation toF P andFN. Althoughk is
also influenced by N, the proportion of true negatives is constrained given alfixe
number of data points (i.e. if we know TP, FP, and FN and thed tatimber of notes
then TN is fixed; we have 3 degrees of freedom and not 4 for péairsctors of the
same length). Accuracy exhibits only small correlationtwtiese three measures
(excepi to which itis closely related) and is not appropriate heretdithe unequal
proportions of positive and negative values in the data{8e®. The results of the
correlational analysis suggest that we could have used aeybd’, F1 ork for
evaluating our models against the ground truth. Followimgpmon practice in data
mining and information retrieval, we ugdl to compare model performance.

The results of the model comparison are shown in Table 4. ©he hodels
achieving mean F1 values of over 0.5 (Grouper, LBDM, GPRRyQOM) were
chosen for further analysis. Sign tests between the F1 saareeach melody in-
dicate that all differences between these models are signtfiat an alpha level of
0.01, with the exception of that between GPR2a and LBDM. tfeoto see whether
further performance improvement could be achieved by a @oadbmodel, we con-
structed a logistic regression model including GroupeiDMB IDyOM and GPR2a
as predictors. Backwards stepwise elimination using thgBadnformation Crite-
rion (BIC) failed to remove any of the predictors from the @temodel (Venables
& Ripley, 2002). The performance of the resulting model isvgh in the top row
of Table 4. Sign tests demonstrated that the Hybrid modeéaet better F1 scores
on significantly more melodies than each of the other modetduding Grouper,
in spite of the fact that the average performance, shownliteT4, was the same).
Compared to Grouper and LBDM, the hybrid model has slighttyse recall but
much better precision; compared to IDYOM, the hybrid modsd better precision
and recall; while compared to GPR2a, the lower precisioneaed by the hybrid
model is balanced by it's better recall.
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Table 4 The model comparison results in order of mean F1 scores. eédor details of the
Hybrid model.

Model Precision Recall F1

Hybrid 0.87 0.56 0.66

Grouper 0.71  0.62 0.66
LBDM 0.70 0.60 0.63
IDyOM 0.76 0.50 0.58
GPR2a 0.99 0.45 0.58

GPR2b  0.47 0.42 0.39
GPR3a 029 0.46 0.35
GPR3d 0.66 0.22 0.31
PMI 0.16 032 0.21
TP 0.17 0.19 0.17

Always  0.13 1.00 0.22
Never 0.00 0.00 0.00

5 Discussion

We would like to highlight four results of this evaluatiomdy. First, we were sur-
prised by the strong performance of one of the GTTM prefezentes, GPR2a.
This points to the conclusion that rests, perhaps abovéetadt onelodic parameters,
have a large influence on boundaries for this set of melo@@ssequently, all of the
high-performing rule-based models (Grouper, LBDM, GPRfake use of a rest or
temporal gap rule while IDyOM includes rests in its probipiestimation. Future
research should undertake a more detailed qualitative aosgm of the kinds of
musical context in which each model succeeds or fails toiprédundaries. This
suggests that future research should focus on boundati@sdicated explicitly by
rests.

Second, it is interesting to compare the results to thosertegin other studies.
In general, the performance of Grouper and LBDM are comparabtheir per-
formance on a different subset of the EFSC reported by Thoal. (2002). The
performance of Grouper is somewhat lower than that repdagelcemperley (2001)
on 65 melodies from the EFSC. The performance of all modétsisr than that of
the supervised learning model reported by Bod (2001).

Third, the hybrid model which combines Grouper, LBDM, GPR2a IDyOM
generated better performance values than any of its comp&riehe fact that the
F1 value seems to be only slightly better than Grouper is dulegdect that logistic
regression optimises the log-likelihood function for whestor not a note is a bound-
ary given the boundary indications of the predictor vagalfimodels). It therefore
uses information about positive boundary indicatidPsand negative boundary in-
dications (\) to an equal degree, in contrastRa. This suggests options, in future
research, for assigning different weightsR@ndN instances or including the raw
boundary profiles of LBDM and IDyOM (i.e., without peak-piog) in the logis-
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tic regression procedure. Another possibility is to usedtiog (combining multiple
weak learners to create a single strong learner, Scha@iéd)2o combine the dif-
ferent models which may lead to better performance enhagscenthan logistic
regression.

Finally, it is interesting to note that an unsupervisedi@ay model (IDyOM) that
makes no use of music-theoretic rules about melodic phesésrmed as well as
it does. It not only performs much better than simple siaassegmenters (the TP
and PMI models) but also approaches the performance of staqatied rule-based
models. In fact, IDyOM's precision is better than LBDM ando@per although it's
Recall is worse (this is a common tradeoff in MIR). In compari to supervised
learning methods such as DOP, IDyOM does not require prexseted data as a
training corpus. This may not be an issue for folk-song datere we have large
corpora with annotated phrase boundaries but is a signifiaetor for other musi-
cal styles such as pop. IDyOM learns regularities in the dieldata it is trained
on and outputs probabilities of note events which are ulihyaused to derive an
information content (unexpectedness) for each note ememtielody. In turn, this
information-theoretic quantity (in comparison to that oéyious notes) is used to
decide whether or not the note falls on a boundary.

These findings have been corroborated by a recent study comgmamputa-
tional models of melodic segmentation to perceived segéatiens indicated by hu-
man listeners for 10 popular melodies (de Noogeal.,, 2008). The results showed
that IDyOM’s segmentations did not differ significantly fnahose of the listeners
and, furthermore, that the segmentations of IDyOM, LBDM &rduper did not
differ.

We argue that the present results provide preliminary exidehat the notion
of expectedness is strongly related to boundary deteatiomelodies. In future re-
search, we hope to achieve better performance by tailobiy@®M specifically for
segmentation including a metrically-based (i.e., we repméwhatever is happening
in each metrical time slice) rather than an event-basedseptation of time, op-
timising the derived features that it uses to make eventigiieds and using other
information-theoretic measures such as entropy or piigdiictformation (Abdallah
& Plumbley, 2009).
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