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ABSTRACT

This paper describes both a newly developed method for

manual annotation for aspects of melodic similarity and its

use for evaluating melody features concerning their contri-

bution to perceived similarity. The second issue is also ad-

dressed with a computational evaluation method. These ap-

proaches are applied to a corpus of folk song melodies. We

show that classification of melodies could not be based on

single features and that the feature sets from the literature

are not sufficient to classify melodies into groups of related

melodies. The manual annotations enable us to evaluate var-

ious models for melodic similarity.

1 INTRODUCTION

The long term goal of the WITCHCRAFT-project is to

create computational methods that support folk song re-

search. 1 This paper takes an essential step towards this goal

by investigating the similarity of songs that have been clas-

sified by humans into groups of similar melodies.

For the computational modeling of melodic similarity

numerous features of melody could be taken into account.

However, for a specific problem such as classification only

a few features might be sufficient. Hence, we need a means

to evaluate which features are important. Once a similar-

ity measure is designed that uses a single feature or a few

features, we also need a means to evaluate that similarity

measure.

Therefore, we have developed a manual annotation

method that gathers expert judgments about the contribution

of different musical dimensions to perceived similarity. We

use this method to characterize the similarity of selected folk

songs from our corpus. The human perception of melodic

similarity is a challenging topic in cognition research (see

e.g. [1] and [4]). The establishing of the annotation data in

this paper is a first step to study the similarity as perceived

by humans in the special case of similarity between melo-

dies belonging to the same melody group. We evaluate in

how far available computational features contribute to the

characterization of similarity between these songs.

1 http://www.cs.uu.nl/research/projects/witchcraft

Contribution: With these two methods we address the

following questions:

1. Is there a small subset of features, or even one single

feature, that is discriminative for all melody groups?

2. Is the membership of a melody group based upon the

same feature for all member melodies?

3. Are the feature sets provided in earlier research sufficient

for classification of the melodies?

1.1 Human classification of melodies

The Meertens Institute in Amsterdam hosts and researches

folk songs of the corpus Onder de groene linde that have

been transmitted through oral tradition. Musicological ex-

perts classify these songs into groups called melody norms
such that each group is considered to consist of melodies

that have a common historic origin. Since the actual his-

toric relation between the melodies is not known from doc-

umentary evidence, the classification is based on similarity

assessments. If the similarity between two melodies is high

enough to assume a plausible genetic relation between them,

the two melodies are assigned to the same melody norm. In

the human process of assigning melody norms some mel-

odies receive the status of a prototypical melody of their

norms as the most typical representative. All other melody

candidates are then compared to this prototypical melody in

order to decide whether they belong to this norm.

The classification of melodies into groups of related mel-

odies is a special case of human categorization in music. In

order to be able to retrieve melodies belonging to the same

melody norm we have to investigate whether all melodies

belonging to a melody norm share a set of common features

or vary in the number and kind of characteristic features they

possess. Two different views of categorization are relevant

for this.

The classical view on categorization goes back to Aristo-

tle and defines a category as being constituted of all entities

that posses a common set of features. In contrast to this, the

modern view claims that most natural concepts are not well-

defined but rather that individual exemplars may vary in the

number of characteristic features they possess. The most

prominent models according to this view are Wittgenstein’s

family resemblance model (see [10]) and Rosch’s prototype
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model (see [6]). Deliege in [2] and Ziv & Eitan in [11] pro-

vide arguments that the family resemblance and the proto-

type model are most appropriate to describe the categories

built in Western classical music.

2 SIMILARITY ANNOTATIONS

The study of melodic similarity in this paper contributes to

the development of a search engine for the collection of

Dutch folk songs Onder de groene linde, which contains

both audio data, metadata and paper transcriptions. The test

collection employed consists of 1198 encoded songs (MIDI

and **kern formats) segmented into phrases. The songs

have been classified into melody norms. Three experts an-

notated four melody norms in detail. For each melody group

one expert determined a reference melody that is the most

prototypical melody. All other melodies of the group were

compared to the reference melody.

The annotation data consists of judgements concerning

the contribution of different musical dimensions to the sim-

ilarity between the melody and the prototype of its melody.

In daily practice, the experts mainly perform the similar-

ity evaluation in an intuitive way. In order to analyze this

complex and intuitive similarity evaluation, we specified the

musical dimensions of the annotations in close collabora-

tion with the experts. These dimensions are rhythm, con-

tour, motifs, form and mode. 2 In order to be used as a

ground truth for computational algorithms we standardized

the human evaluation such that numeric values are assigned

to most of the dimensions. We distinguish three different

numeric values 0, 1 and 2: 3

0. The two melodies are not similar, hence according to this

dimension a relation cannot be assumed.

1. The two melodies are somewhat similar, a relation ac-

cording to this dimension is not implausible.

2. The two melodies are obviously similar, a relation ac-

cording to this dimension is highly plausible.

For each dimension we defined a number of criteria that

the human decision should be based upon when assigning

the numeric values. These criteria are as concrete as neces-

sary to enable the musicological experts to give reliable rat-

ings that are in accordance with their intuitive assignments.

2.1 Criteria for the similarity annotations

2.1.1 Rhythm

• If the two songs are notated in the same, or a comparable

meter (e.g. 2/4 and 4/4), then count the number of trans-

2 Text often provides cues as to whether songs are recognized as being

genetically related; hence this dimension is annotated too. Form is an aux-

iliary criterion in order to make reductions possible, such as from ABCC

to ABC. Text and form are not discussed here; for their description see [8].
3 Differentiating more than three values proved to be an inadequate ap-

proach for the musicological experts.

formations needed to transform the one rhythm into the

other (see Figure 1 for an example of a transformation):

– If the rhythms are exactly the same or contain a per-

ceptually minor transformation: value 2.
– If one or two perceptually major transformations

needed: value 1.
– If more than two perceptually major transformations

needed: value 0.

• If the two songs are not notated in the same, or a compa-

rable meter (e.g. 6/8 and 4/4), then the notion of transfor-

mation cannot be applied in a proper manner (it is unclear

which durations correspond to each other). The notation

in two very different meters indicates that the rhythmic

structure is not very similar, hence a value of 2 is not ap-

propriate.

– If there is a relation between the rhythms to be per-

ceived: value 1.
– If there is no relation between the rhythms to be per-

ceived: value 0.

Figure 1. Example of a rhythmic transformation: In the

first full bar one transformation is needed to transform the

rhythm of the upper melody into the rhythm of the lower

melody.

In all cases “rhythm” refers to the rhythm of one line.

Hence the songs are being compared line-wise.

2.1.2 Contour

The contour is an abstraction of the melody. Hence it re-

mains a subjective decision which notes are considered im-

portant for the contour. From the comparison of the lines we

cannot automatically deduct the value for the entire melody

via the mean value. Therefore we also give a value for the

entire melody that is based on fewer points of the melody

and hence on a more abstract version of the melody than the

line-wise comparison.

• For the line-wise comparison:

– Determine begin (if the upbeat is perceptually unim-

portant, choose the first downbeat as begin) and end of

the line and 1 or 2 turning points (extreme points) in

between.
– Based on these 3 or 4 points per line determine whether

the resulting contour of the lines are very similar (value

2), somewhat similar (value 1) or not similar (value 0).

• For the comparison of the global contour using the entire

song:
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– Decide per line: if the pitch stays in nearly the same

region choose an average pitch for this line; if not,

choose one or two turning points.
– Compare the contour of the entire song consisting of

these average pitches and turning points.
– If the melody is too long for this contour to be memo-

rized, then choose fewer turning points that character-

ize the global movements of the melody.

2.1.3 Motifs

The decision to assign a certain norm to a melody is of-

ten based on the detection of single characteristic motifs.

Hence it is possible that the two melodies are different on

the whole, but they are recognized as being related due to

one or more common motifs.

• If at least one very characteristic motif is being recog-

nized: value 2.

• If motifs are shared but they are not very characteristic:

value 1.

• No motifs are shared: value 0.

Characteristic in this context means that the motif serves

as a basic cue to recognize a relation between the melodies.

2.1.4 Mode

We distinguish two groups of modes based on major vs. mi-

nor characteristics. Major/Ionian, Lydian and Mixolydian

hence form one group, while Minor/Aeolian, Dorian and

Phrygian from another group.

• If the two melodies have exactly the same mode: value 2.

• If the modes of the two melodies are different but belong

to the same group: value 1.

• If the modes of the two melodies belong to different

groups: value 0.

3 EXPERIMENT ON CREATING ANNOTATIONS

From the set of 1198 encoded melodies 4 melody norms

containing 11–16 melodies each have been selected to be

annotated by three musicological experts for an initial ex-

periment on the similarity annotation. These are the mel-

ody norms Frankrijk buiten de poorten 1 (short: Frankrijk),

Daar was laatst een boerinnetje (short: Boerinnetje), Daar
was laatst een meisje loos 1 (short: Meisje) and Toen ik
op Neerlands bergen stond (short: Bergen). For each mel-

ody norm one musicological expert determined the refer-

ence melody. Similarity ratings were assigned to all other

melodies of the same norm with respect to the reference

melody. In a first stage of the experiment Frankrijk and

Boerinnetje were annotated, in a second stage Meisje and

Bergen. After the first stage the results were discussed with

all experts.

3.1 Agreement among the experts

Table 1 gives an overview of the agreement among the three

experts for all musical dimensions using three categories.

Category A counts the number of total agreement, i.e. all

three experts assigned the same value. Categories PA1 and

PA2 count the number of partial agreements such that two

experts agreed on one value while the third expert chose a

different value. In PA1 the difference between the values

equals 1 (e.g. two experts assigned a 1 while one expert as-

signed a 2). In PA2 the difference between the values equals

2 (e.g. two experts assigned 0 while one expert assigned a 2).

Category D counts the cases in which all experts disagree.

Melody Norm A PA1 PA2 D

Frankrijk 58.7 38.1 1.6 1.6

Boerinnetje 50.8 42.6 0.5 6.1

Meisje 70.4 27.6 1 1

Bergen 77.5 18.5 1.1 2.9

Average 64.3 31.7 1.1 2.9

Table 1. Comparison of agreement among three experts: A

for total agreement, PA1 and PA2 for partial agreement D

for disagreement (see section 3.1 for further details). Num-

bers are percentages.

Both the percentage of disagreement in category D and

the percentage of partial agreement PA2 containing both

values for not similar and very similar are quite low. The

category of total agreement A comprises the majority of the

cases with 64.3%. Moreover, comparing the values obtained

for Frankrijk and Boerinnetje to those for Meisje and Bergen
reveals that the degree of agreement is much higher within

the second stage of the experiment after the discussion of

the results of the first stage. Hence, this experiment indi-

cates that the musical dimensions have been established in

such a way that there is considerable agreement among the

musical experts as to how to assign the similarity values.

3.2 Comparing dimensions across melody norms

Table 2 lists the distribution of the assigned values within

each musical dimension for all melody norms. In three mel-

ody norms the dimension mode receives in 100% of the

cases the value 2, since all melodies of the norm belong

to the same mode. However, mode as an isolated dimen-

sion can hardly function as a discriminative variable for the

classification of the melodies. In the following we study the

values for the other musical dimensions.

Both Frankrijk and Meisje score highest for rhythm con-

cerning the value 2, while Boerinnetje scores highest for

motifs and Bergen for global contour. Hence the importance

of the different musical dimensions regarding the similarity

assignment of melodies belonging to one norm varies be-
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Melody Norm Frankrijk Boerinnetje Meisje Bergen
Value 0 1 2 0 1 2 0 1 2 0 1 2

Rhythm 0 1.3 98.7 11.2 51.6 37.2 3.3 8.2 88.5 3.5 15.8 80.7

Global contour 0 31.7 68.3 12.8 48.7 38.5 33.3 13.3 53.4 2.5 10.3 87.2

Contour per line 5.6 52.5 40.9 41.9 26.4 31.7 20.7 31.8 47.5 4.8 22.5 72.7

Motifs 0 36.6 63.4 0 20.5 79.5 13.3 16.7 70 0 17.9 82.1

Mode 13.3 13.3 83.4 0 0 100 0 0 100 0 0 100

Table 2. Distribution of the assigned values within each dimension per melody norm as percentages.

tween the norms. Moreover, in most of the cases single di-

mensions are not characteristic enough to describe the sim-

ilarity of the melodies belonging to one melody norm.

The best musical feature (excluding mode) of Boerin-
netje scores 79% for value 2, the other musical dimensions

score below 40%. From this perspective, the melodies of

Boerinnetje seem to form the least coherent group of all four

melody norms. While Frankrijk receives the highest rating

in a single dimension for value 2, all other dimensions score

relatively low. Bergen scores in all dimensions above 72%

for the value 2. Hence these melodies seem to be consider-

ably similar to the reference melody across all dimensions.

For Meisje two dimensions receive scores above 70% for

value 2, on the other hand three dimensions have consider-

ably high scores (between 13% and 33%) for the value 0.

Hence this norm contains melodies with both very similar

and very dissimilar aspects.

Comparing the contribution of the musical dimensions

reveals that the contour scores for only one melody norm

(Bergen) above 70% for value 2. Both rhythm and mo-

tifs score above 70% for value 2 in three out of four cases.

Hence rhythm and motifs seem to be more important than

contour for the human perception of similarity in these ex-

periments.

3.3 Similarity within melody norm

As a measurement for the degree of similarity of each mel-

ody within the norm to the reference melody we calculated

the average over the dimensions rhythm, global contour,

contour per line and motifs. The results show that the de-

gree of similarity within the norm can vary to a considerable

amount. For instance, in the melody norm Meisje two melo-

dies score higher than 95% for value 2, while two melodies

score lower than 20% for value 2 with corresponding high

scores for value 0.

The evaluation of single dimensions shows that also

within these single features the degree of similarity to the

reference melody varies. For instance, Meisje scores for the

dimension rhythm on average 88.5% for value 2. However,

one melody scores for rhythm only 42% for value 2 and 33%

for value 0. Hence we conclude that there is not one char-

acteristic (or one set of characteristics) that all melodies of

a melody norm share with the reference melody.

3.4 Discussion

From sections 3.2 and 3.3 we conclude that both across and

within the melody norms the importance of the musical di-

mensions for perceived similarity varies.

There is not one characteristic (or one set of character-

istics) that all melodies of a melody norm share with the

reference melody. Therefore, the category type of the mel-

ody norms cannot be described according to the classical

view on categorization, but rather to the modern view. This

agrees with the studies in [2] and [11] on categorization in

Western classical music.

4 EVALUATING COMPUTATIONAL FEATURES

This section complements the preceding one by an evalua-

tion of computational features related to melodic similarity.

4.1 Global Features

We evaluate the following three sets of features:

• 12 features provided by Wolfram Steinbeck [7].

• 40 features provided by Barbara Jesser [3].

• 40 rhythm, pitch and melody features implemented in

jSymbolic by Cory McKay [5].

The sets of Steinbeck and Jesser were specifically assem-

bled to study groups of folk songs within the Essen Folk

Song Collection that are related through the process of oral

transmission. Because our corpus consists of folk song mel-

odies, the evaluation of especially these two feature sets is

important to get an indication of the value of computational

features in general. McKay’s set has a general purpose. For

the complete list of features we refer to [8].

All features for which absolute pitch is needed (e.g.

Steinbeck’s Mean Pitch) were removed because not all mel-

odies in our corpus have the same key. Also the multidi-

mensional features from the set of jSymbolic were removed

because they are primarily needed to compute other fea-

tures. Thus we have 92 features, which are characterized

as ‘global’ because for each feature an entire song is repre-

sented by only one value.
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These features can be considered aspects of the musi-

cal dimensions that were chosen for the manual annotations.

For example, features like the fraction of descending minor

seconds, the size of melodic arcs and the amount of arpeg-

giation contribute to contour, but they do not represent the

holistic phenomenon of contour exhaustively.

4.2 Feature evaluation method

For the four melody norms that were examined in the pre-

vious sections, the discriminative power of each individual

feature is evaluated. The songs are divided into two groups:

one group contains the songs from the melody norm un-

der consideration and the other group all other songs from

the test collection. The intersection of the normalized his-

tograms of both groups is taken as a measure for the dis-

criminative power of a feature:

Imn = 1−

n∑
i=1

∣∣∣Hmn [i]−Hother [i]
∣∣∣

n∑
i=1

Hmn [i]

where Hmn [i] is the value for bin i of the histogram of the

songs belonging to the melody norm mn and Hother is the

histogram for all other songs. Both histograms have n bins,

with the same edges. For the nominal features n is the num-

ber of possible values, and for real valued features, n = 11,

which is the size of the smallest class.

The smaller the intersection, the larger the discriminative

power of the feature. The intersection therefore indicates

whether a search algorithm that makes use of a certain fea-

ture could be successful or not retrieving the songs of the

melody norm from the entire corpus.

Normalization of the histograms is needed for the inter-

section to get comparable values between 0 and 1. Because

the four melody norms all have very few melodies compared

to the entire corpus, this involves heavy scaling. As a conse-

quence, the intersection value only serves as an indicator for

the achievable recall of a retrieval system using the feature.

If both Hmn [i] > 0 and Hother [i] > 0 the absolute number

of songs in Hother [i] is almost certainly larger. Therefore,

to get an indication of the precision as well, the absolute

values of Hother should be considered.

4.3 Results

Table 3 lists the best scoring features. For both Boerinnetje
and Meisje none of the features have low values for the in-

tersections. According to the annotation data the similarity

of the melodies in these norms to their respective reference

melody is less obvious; Boerinnetje is the least character-

istic of all melody norms, while Meisje contains melodies

with both very similar and dissimilar aspects.

Feature IF IB IM IN

JESdminsecond 0.068 0.764 0.445 0.686

STBAmbitus 0.739 0.720 0.622 0.183
Range 0.739 0.720 0.622 0.183
JESprime 0.197 0.575 0.574 0.719

Repeated Notes 0.197 0.575 0.574 0.719

JESmeter 0.211 0.540 0.632 0.269

Table 3. Imn for the six best scoring features sorted ac-

cording to the smallest intersection (in bold) for any of the

melody norms Frankrijk (F ), Boerinnetje (B), Meisje (M )

and Bergen (N ). The prefixes JES- and STB- mean that the

feature is in the set of Jesser or Steinbeck.

We observe that the best feature for Frankrijk, JESdmin-

second, has quite high values for the other melody norms,

which means that it is only discriminative for Frankrijk.

This feature measures the fraction of melodic intervals that

is a descending second. Apparently a large number of de-

scending minor seconds is a distinctive characteristic of

Frankrijk, but not of the other melody norms. Melodic sam-

ples are shown in Figure 1 and the histograms for this feature

are shown in Figure 2. While for the normalized histograms

the largest bin of HFrankrijk is much larger than the corre-

sponding bin of Hother, the absolute values are 7 for Hother

and 8 for HFrankrijk. This means that a retrieval engine

using only this feature would achieve a quite low precision.

The annotations suggest that rhythm contributes most to

the similarity of the songs in the melody norm Frankrijk.

Furthermore, the investigation of a set of melody norms us-

ing a rhythmic similarity approach in [9] indicates that the

melodies of Frankrijk are rhythmically more similar to each

other than to melodies of other norms. However, none of the

rhythmic features of the three sets is discriminative.

Figure 2. Unnormalized histograms for JESdminseconds

for both Frankrijk and the other songs.

Most of the lowest values in Table 3 are for Frankrijk.

STBAmbitus and Range (which are actually the same fea-

ture, but from different sets) receive low values for Bergen.

According to the annotation data, Bergen is the only mel-
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ody norm with high ratings for both the global contour and

the line-wise contour. Range is an aspect of contour. The

melodies of Bergen typically have a narrow ambitus. For all

other features not shown in Table 3, Imn ≥ 0.211, which

indicates that these are not discriminative.

4.4 Discussion

The evaluation of the individual features from the three fea-

ture sets shows that there is no single feature in the current

set that is discriminative for all four melody norms. Most

of the few features that proved discriminative are only so

for Frankrijk. Therefore, it is not even the case that we find

per melody norm a good feature. None of the three sets of

features is sufficiently complete for this.

In the manual annotations we observed that motifs are

important for recognizing melodies. There are many kinds

of motifs: a rhythmic figure, an uncommon interval, a leap,

a syncopation, and so on. Therefore it is not possible to

grasp the discriminative power of motifs in only a few fea-

tures. Besides that, global features are not suitable to reflect

motifs, which are local phenomena. This is an important

shortcoming of the approach based on global features.

It proves difficult to find clear links between the musical

dimensions used in the manual annotations and the com-

putational features. The two approaches reside on differ-

ent levels of abstraction. Computational features have to be

computed deterministically. Hence, low level and countable

characteristics of melodies are more suited than the more

intuitive and implicit concepts that are used by the human

mind. Nevertheless, computational features provided com-

plementary insights to the manual annotations, such as the

characteristic descending minor second for Frankrijk.

5 CONCLUDING REMARKS

With the results of both approaches, we are able to provide

answers to the questions stated in the introduction. First,

there is no single feature or musical dimension that is dis-

criminative for all melody norms. Second, it is not guaran-

teed that one single feature or musical dimension is suffi-

cient to explain the similarity of each individual melody to

the melody norm. Third, although two of the sets of compu-

tational features were specifically assembled for folk song

melodies, none of the involved sets provides features that

are generally useful for the classification task at hand. A

next step would be to evaluate subsets of features instead of

individual ones. Although these might prove more discrimi-

native than single features, the importance of the dimension

‘motifs’ indicates strongly that local model-based features

are needed rather than adding more global statistic ones.

The manual annotation of melodic similarity proved a

valuable tool to analyze the complex and intuitive similarity

assessment of the experts by specifying the constituent parts

that contribute to the specific perception of melodic similar-

ity that underlies folksong classification. Therefore a larger

set of such annotations is now being created. The annota-

tion data can also be used to evaluate similarity measures

that are based on one or more of the musical dimensions.
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