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Studying melodic stability
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Use of characteristic licks and patterns
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Figure 1: The first phrase of two variants of the tune
family Daar reed een jonkheer (1). For each phrase, two
characteristic motifs were annotated, and have been high-
lighted. The numbers on the left indicate the record num-
ber; the description underneath each annotated motif spec-
ifies its motif class.

The Annotated Corpus comprises 360 melodies belong-
ing to 26 tune families, in which 1560 characteristic motifs
have been annotated. The motifs’ lengths range from one
note to twelve notes. An example of annotated motifs in
the first phrase of two variants of the tune family Daar

reed een jonkheer (1) can be found in Figure 1.

3. SIMILARITY MEASURES

In this section we present the similarity measures which
were compared in this study. We introduce short capital-
ized names by which we refer to the measures throughout
the paper (e.g. Difference). Moreover, we give an indica-
tion of the applicability of the measures for transposition
invariant (i.e. robust to pitch transposition) or time scale
invariant (i.e. robust to notation in different meters) use
cases.

We consider similarity measures for two musical pat-
terns x and y of length n corresponding to the length of
the longer of the two patterns; the patterns’ pitch values
per time unit i are denoted by x

i

and y

i

. We investigate the
following similarity measures sim(x, y):

• kMismatch of the annotated pattern and the candi-
date pattern, in which the number k of mismatches
between the patterns x and y is counted.

sim

kmm

(x, y) =
i=nX

i=1

1(xi 6=yi) (1)

where 1(xi 6=yi) indicates that the mismatch value is
increased by 1 if x

i

and y

i

are different pitches, and
remains unchanged if the pitches are equal. kMis-
match is neither transposition invariant nor score time
invariant. It does not formally require that the two
patterns have the same length; every length differ-
ence will lead to an increase in the number of mis-
matches.

• Difference of the annotated pattern and the candidate
pattern.

sim

diff

(x, y) =
i=nX

i=1

|x
i

� y

i

| (2)

Difference requires that both patterns be of the same
length n, or needs the definition of a value assigned
to missing values. The measure is neither transposi-
tion invariant nor score time invariant.

• Levenshtein distance of the annotated pattern and
the candidate pattern. The Levenshtein distance is
derived from a matrix LD(x

i

, y

i

) filled recursively
according to:

LD(x
i

, y

i

) = min

8
><

>:

LD(x
i�1, yi) + 1

LD(x
i

, y

i�1) + 1

LD(x
i�1, yi�1) + 1(xi 6=yi)

(3)

The first clause describes insertion of a pitch value
x

i

from pattern x into pattern y, the second clause
the insertion of a pitch value y

j

from pattern y into
pattern x. The last clause is the substitution of the
pitch x

i

by the pitch y

i

. 1(xi 6=yi) indicates that the
penalty is 1 if x

i

and y

i

are different pitches, and 0
otherwise. The penalties for insertion, deletion and
substitution are equal.

The Levenshtein distance is not transposition invari-
ant, but can be adjusted for time scale invariance.

• Substitution Distance of the annotated pattern and
the candidate pattern. Substitution Distance can be
seen as a weight adjusted version of the Levenshtein
measure, as it is also derived from a matrix SD(x

i

, y

i

),
in which the substitution penalty is replaced by the
absolute difference between the pitches x

i

and y

i

.

SD(x
i

, y

i

) = min

8
><

>:

SD(x
i�1, yi) + 1

SD(x
i

, y

i�1) + 1

SD(x
i�1, yi�1) + |x

i

� y

i

|
(4)

Substitution Distance is not transposition invariant,
but can be adjusted for time scale invariance.

• Correlation of the annotated pattern and the candi-
date pattern.

sim

corr

(x, y) =
1

n

i=nX

i=1

(x
i

� x)(y
i

� y)

�

x

�

y

(5)

x and y refer to the average pitch of each pattern,
and �

x

and �

y

to the standard pitch deviation of each
pattern.

Correlation requires that both pitch contours be of
the same length n. This measure is transposition in-
variant, but not score time invariant.

• Pitch Derivative of the annotated pattern and the can-
didate pattern. The Pitch Derivative measure is
based on Urbano’s work on melodic similarity [11]

Levenshtein distance

Transposition invariant 
Time scale invariant
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Figure 1: The first phrase of two variants of the tune
family Daar reed een jonkheer (1). For each phrase, two
characteristic motifs were annotated, and have been high-
lighted. The numbers on the left indicate the record num-
ber; the description underneath each annotated motif spec-
ifies its motif class.

The Annotated Corpus comprises 360 melodies belong-
ing to 26 tune families, in which 1560 characteristic motifs
have been annotated. The motifs’ lengths range from one
note to twelve notes. An example of annotated motifs in
the first phrase of two variants of the tune family Daar

reed een jonkheer (1) can be found in Figure 1.

3. SIMILARITY MEASURES

In this section we present the similarity measures which
were compared in this study. We introduce short capital-
ized names by which we refer to the measures throughout
the paper (e.g. Difference). Moreover, we give an indica-
tion of the applicability of the measures for transposition
invariant (i.e. robust to pitch transposition) or time scale
invariant (i.e. robust to notation in different meters) use
cases.

We consider similarity measures for two musical pat-
terns x and y of length n corresponding to the length of
the longer of the two patterns; the patterns’ pitch values
per time unit i are denoted by x

i

and y

i

. We investigate the
following similarity measures sim(x, y):

• kMismatch of the annotated pattern and the candi-
date pattern, in which the number k of mismatches
between the patterns x and y is counted.

sim

kmm

(x, y) =
i=nX

i=1

1(xi 6=yi) (1)

where 1(xi 6=yi) indicates that the mismatch value is
increased by 1 if x

i

and y

i

are different pitches, and
remains unchanged if the pitches are equal. kMis-
match is neither transposition invariant nor score time
invariant. It does not formally require that the two
patterns have the same length; every length differ-
ence will lead to an increase in the number of mis-
matches.

• Difference of the annotated pattern and the candidate
pattern.

sim

diff

(x, y) =
i=nX

i=1

|x
i

� y

i

| (2)

Difference requires that both patterns be of the same
length n, or needs the definition of a value assigned
to missing values. The measure is neither transposi-
tion invariant nor score time invariant.

• Levenshtein distance of the annotated pattern and
the candidate pattern. The Levenshtein distance is
derived from a matrix LD(x

i

, y

i

) filled recursively
according to:

LD(x
i

, y

i

) = min

8
><

>:

LD(x
i�1, yi) + 1

LD(x
i

, y

i�1) + 1

LD(x
i�1, yi�1) + 1(xi 6=yi)

(3)

The first clause describes insertion of a pitch value
x

i

from pattern x into pattern y, the second clause
the insertion of a pitch value y

j

from pattern y into
pattern x. The last clause is the substitution of the
pitch x

i

by the pitch y

i

. 1(xi 6=yi) indicates that the
penalty is 1 if x

i

and y

i

are different pitches, and 0
otherwise. The penalties for insertion, deletion and
substitution are equal.

The Levenshtein distance is not transposition invari-
ant, but can be adjusted for time scale invariance.

• Substitution Distance of the annotated pattern and
the candidate pattern. Substitution Distance can be
seen as a weight adjusted version of the Levenshtein
measure, as it is also derived from a matrix SD(x

i

, y

i

),
in which the substitution penalty is replaced by the
absolute difference between the pitches x

i

and y

i

.

SD(x
i

, y

i

) = min

8
><

>:

SD(x
i�1, yi) + 1

SD(x
i

, y

i�1) + 1

SD(x
i�1, yi�1) + |x

i

� y

i

|
(4)

Substitution Distance is not transposition invariant,
but can be adjusted for time scale invariance.

• Correlation of the annotated pattern and the candi-
date pattern.

sim

corr

(x, y) =
1

n

i=nX

i=1

(x
i

� x)(y
i

� y)

�

x

�

y

(5)

x and y refer to the average pitch of each pattern,
and �

x

and �

y

to the standard pitch deviation of each
pattern.

Correlation requires that both pitch contours be of
the same length n. This measure is transposition in-
variant, but not score time invariant.

• Pitch Derivative of the annotated pattern and the can-
didate pattern. The Pitch Derivative measure is
based on Urbano’s work on melodic similarity [11]
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Figure 1: The first phrase of two variants of the tune
family Daar reed een jonkheer (1). For each phrase, two
characteristic motifs were annotated, and have been high-
lighted. The numbers on the left indicate the record num-
ber; the description underneath each annotated motif spec-
ifies its motif class.

The Annotated Corpus comprises 360 melodies belong-
ing to 26 tune families, in which 1560 characteristic motifs
have been annotated. The motifs’ lengths range from one
note to twelve notes. An example of annotated motifs in
the first phrase of two variants of the tune family Daar

reed een jonkheer (1) can be found in Figure 1.

3. SIMILARITY MEASURES

In this section we present the similarity measures which
were compared in this study. We introduce short capital-
ized names by which we refer to the measures throughout
the paper (e.g. Difference). Moreover, we give an indica-
tion of the applicability of the measures for transposition
invariant (i.e. robust to pitch transposition) or time scale
invariant (i.e. robust to notation in different meters) use
cases.

We consider similarity measures for two musical pat-
terns x and y of length n corresponding to the length of
the longer of the two patterns; the patterns’ pitch values
per time unit i are denoted by x

i

and y

i

. We investigate the
following similarity measures sim(x, y):

• kMismatch of the annotated pattern and the candi-
date pattern, in which the number k of mismatches
between the patterns x and y is counted.

sim

kmm

(x, y) =
i=nX

i=1

1(xi 6=yi) (1)

where 1(xi 6=yi) indicates that the mismatch value is
increased by 1 if x

i

and y

i

are different pitches, and
remains unchanged if the pitches are equal. kMis-
match is neither transposition invariant nor score time
invariant. It does not formally require that the two
patterns have the same length; every length differ-
ence will lead to an increase in the number of mis-
matches.

• Difference of the annotated pattern and the candidate
pattern.

sim

diff

(x, y) =
i=nX

i=1

|x
i

� y

i

| (2)

Difference requires that both patterns be of the same
length n, or needs the definition of a value assigned
to missing values. The measure is neither transposi-
tion invariant nor score time invariant.

• Levenshtein distance of the annotated pattern and
the candidate pattern. The Levenshtein distance is
derived from a matrix LD(x

i

, y

i

) filled recursively
according to:

LD(x
i

, y

i

) = min

8
><

>:

LD(x
i�1, yi) + 1

LD(x
i

, y

i�1) + 1

LD(x
i�1, yi�1) + 1(xi 6=yi)

(3)

The first clause describes insertion of a pitch value
x

i

from pattern x into pattern y, the second clause
the insertion of a pitch value y

j

from pattern y into
pattern x. The last clause is the substitution of the
pitch x

i

by the pitch y

i

. 1(xi 6=yi) indicates that the
penalty is 1 if x

i

and y

i

are different pitches, and 0
otherwise. The penalties for insertion, deletion and
substitution are equal.

The Levenshtein distance is not transposition invari-
ant, but can be adjusted for time scale invariance.

• Substitution Distance of the annotated pattern and
the candidate pattern. Substitution Distance can be
seen as a weight adjusted version of the Levenshtein
measure, as it is also derived from a matrix SD(x

i

, y

i

),
in which the substitution penalty is replaced by the
absolute difference between the pitches x

i

and y

i

.

SD(x
i

, y

i

) = min

8
><

>:

SD(x
i�1, yi) + 1

SD(x
i

, y

i�1) + 1

SD(x
i�1, yi�1) + |x

i

� y

i

|
(4)

Substitution Distance is not transposition invariant,
but can be adjusted for time scale invariance.

• Correlation of the annotated pattern and the candi-
date pattern.

sim

corr

(x, y) =
1

n

i=nX

i=1

(x
i

� x)(y
i

� y)

�

x

�

y

(5)

x and y refer to the average pitch of each pattern,
and �

x

and �

y

to the standard pitch deviation of each
pattern.

Correlation requires that both pitch contours be of
the same length n. This measure is transposition in-
variant, but not score time invariant.

• Pitch Derivative of the annotated pattern and the can-
didate pattern. The Pitch Derivative measure is
based on Urbano’s work on melodic similarity [11]
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Figure 1: The first phrase of two variants of the tune
family Daar reed een jonkheer (1). For each phrase, two
characteristic motifs were annotated, and have been high-
lighted. The numbers on the left indicate the record num-
ber; the description underneath each annotated motif spec-
ifies its motif class.

The Annotated Corpus comprises 360 melodies belong-
ing to 26 tune families, in which 1560 characteristic motifs
have been annotated. The motifs’ lengths range from one
note to twelve notes. An example of annotated motifs in
the first phrase of two variants of the tune family Daar

reed een jonkheer (1) can be found in Figure 1.

3. SIMILARITY MEASURES

In this section we present the similarity measures which
were compared in this study. We introduce short capital-
ized names by which we refer to the measures throughout
the paper (e.g. Difference). Moreover, we give an indica-
tion of the applicability of the measures for transposition
invariant (i.e. robust to pitch transposition) or time scale
invariant (i.e. robust to notation in different meters) use
cases.

We consider similarity measures for two musical pat-
terns x and y of length n corresponding to the length of
the longer of the two patterns; the patterns’ pitch values
per time unit i are denoted by x

i

and y

i

. We investigate the
following similarity measures sim(x, y):

• kMismatch of the annotated pattern and the candi-
date pattern, in which the number k of mismatches
between the patterns x and y is counted.

sim

kmm

(x, y) =
i=nX

i=1

1(xi 6=yi) (1)

where 1(xi 6=yi) indicates that the mismatch value is
increased by 1 if x

i

and y

i

are different pitches, and
remains unchanged if the pitches are equal. kMis-
match is neither transposition invariant nor score time
invariant. It does not formally require that the two
patterns have the same length; every length differ-
ence will lead to an increase in the number of mis-
matches.

• Difference of the annotated pattern and the candidate
pattern.

sim

diff

(x, y) =
i=nX

i=1

|x
i

� y

i

| (2)

Difference requires that both patterns be of the same
length n, or needs the definition of a value assigned
to missing values. The measure is neither transposi-
tion invariant nor score time invariant.

• Levenshtein distance of the annotated pattern and
the candidate pattern. The Levenshtein distance is
derived from a matrix LD(x

i

, y

i

) filled recursively
according to:

LD(x
i

, y

i

) = min

8
><

>:

LD(x
i�1, yi) + 1

LD(x
i

, y

i�1) + 1

LD(x
i�1, yi�1) + 1(xi 6=yi)

(3)

The first clause describes insertion of a pitch value
x

i

from pattern x into pattern y, the second clause
the insertion of a pitch value y

j

from pattern y into
pattern x. The last clause is the substitution of the
pitch x

i

by the pitch y

i

. 1(xi 6=yi) indicates that the
penalty is 1 if x

i

and y

i

are different pitches, and 0
otherwise. The penalties for insertion, deletion and
substitution are equal.

The Levenshtein distance is not transposition invari-
ant, but can be adjusted for time scale invariance.

• Substitution Distance of the annotated pattern and
the candidate pattern. Substitution Distance can be
seen as a weight adjusted version of the Levenshtein
measure, as it is also derived from a matrix SD(x

i

, y

i

),
in which the substitution penalty is replaced by the
absolute difference between the pitches x

i

and y

i

.

SD(x
i

, y

i

) = min

8
><

>:

SD(x
i�1, yi) + 1

SD(x
i

, y

i�1) + 1

SD(x
i�1, yi�1) + |x

i

� y

i

|
(4)

Substitution Distance is not transposition invariant,
but can be adjusted for time scale invariance.

• Correlation of the annotated pattern and the candi-
date pattern.

sim

corr

(x, y) =
1

n

i=nX

i=1

(x
i

� x)(y
i

� y)

�

x

�

y

(5)

x and y refer to the average pitch of each pattern,
and �

x

and �

y

to the standard pitch deviation of each
pattern.

Correlation requires that both pitch contours be of
the same length n. This measure is transposition in-
variant, but not score time invariant.

• Pitch Derivative of the annotated pattern and the can-
didate pattern. The Pitch Derivative measure is
based on Urbano’s work on melodic similarity [11]
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Figure 1: The first phrase of two variants of the tune
family Daar reed een jonkheer (1). For each phrase, two
characteristic motifs were annotated, and have been high-
lighted. The numbers on the left indicate the record num-
ber; the description underneath each annotated motif spec-
ifies its motif class.

The Annotated Corpus comprises 360 melodies belong-
ing to 26 tune families, in which 1560 characteristic motifs
have been annotated. The motifs’ lengths range from one
note to twelve notes. An example of annotated motifs in
the first phrase of two variants of the tune family Daar

reed een jonkheer (1) can be found in Figure 1.

3. SIMILARITY MEASURES

In this section we present the similarity measures which
were compared in this study. We introduce short capital-
ized names by which we refer to the measures throughout
the paper (e.g. Difference). Moreover, we give an indica-
tion of the applicability of the measures for transposition
invariant (i.e. robust to pitch transposition) or time scale
invariant (i.e. robust to notation in different meters) use
cases.

We consider similarity measures for two musical pat-
terns x and y of length n corresponding to the length of
the longer of the two patterns; the patterns’ pitch values
per time unit i are denoted by x

i

and y

i

. We investigate the
following similarity measures sim(x, y):

• kMismatch of the annotated pattern and the candi-
date pattern, in which the number k of mismatches
between the patterns x and y is counted.

sim

kmm

(x, y) =
i=nX

i=1

1(xi 6=yi) (1)

where 1(xi 6=yi) indicates that the mismatch value is
increased by 1 if x

i

and y

i

are different pitches, and
remains unchanged if the pitches are equal. kMis-
match is neither transposition invariant nor score time
invariant. It does not formally require that the two
patterns have the same length; every length differ-
ence will lead to an increase in the number of mis-
matches.

• Difference of the annotated pattern and the candidate
pattern.
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Difference requires that both patterns be of the same
length n, or needs the definition of a value assigned
to missing values. The measure is neither transposi-
tion invariant nor score time invariant.

• Levenshtein distance of the annotated pattern and
the candidate pattern. The Levenshtein distance is
derived from a matrix LD(x

i

, y
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) filled recursively
according to:
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) = min
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(3)

The first clause describes insertion of a pitch value
x

i

from pattern x into pattern y, the second clause
the insertion of a pitch value y

j

from pattern y into
pattern x. The last clause is the substitution of the
pitch x

i

by the pitch y

i

. 1(xi 6=yi) indicates that the
penalty is 1 if x

i

and y

i

are different pitches, and 0
otherwise. The penalties for insertion, deletion and
substitution are equal.

The Levenshtein distance is not transposition invari-
ant, but can be adjusted for time scale invariance.

• Substitution Distance of the annotated pattern and
the candidate pattern. Substitution Distance can be
seen as a weight adjusted version of the Levenshtein
measure, as it is also derived from a matrix SD(x

i

, y
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),
in which the substitution penalty is replaced by the
absolute difference between the pitches x

i

and y
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Substitution Distance is not transposition invariant,
but can be adjusted for time scale invariance.

• Correlation of the annotated pattern and the candi-
date pattern.

sim

corr

(x, y) =
1

n

i=nX

i=1
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x and y refer to the average pitch of each pattern,
and �

x

and �

y

to the standard pitch deviation of each
pattern.

Correlation requires that both pitch contours be of
the same length n. This measure is transposition in-
variant, but not score time invariant.

• Pitch Derivative of the annotated pattern and the can-
didate pattern. The Pitch Derivative measure is
based on Urbano’s work on melodic similarity [11]



Similarity measures
Pitch derivative

Transposition invariant 
Time scale invariant

and is computed by interpolating between data points
of a musical pattern with B-Splines. B-Splines are
piecewise polynomial interpolation functions for a
set of points, which can be derived and integrated.
Pitch Derivative is defined as the integrated differ-
ence between the derivatives of two B-Spline func-
tions.

sim

pd

(x, y) =

Z
|x0(t)� y

0(t)|dt (6)

x

0 and y

0 denote the derivatives of the B-Spline inter-
polated patterns. Pitch Derivative is transposition in-
variant, but in our current implementation, it is sen-
sitive to time scale.

4. METHODS

4.1 Matching Process

The annotated motifs and the folk songs are compared us-
ing a brute force approach: the algorithm compares a mo-
tif — the query — to a segment of the same length — the
match candidate — at each position in a melody, and com-
putes a similarity value between the query and the match
candidates. Each occurrence of a motif class is compared
in this way to every melody of the tune family in which the
motif class is annotated. A visualization of the matching
process can be seen in Figure 2.

We test different thresholds for each similarity measure;
if the similarity value between the query and a match can-
didate exceeds a given threshold, the match candidate is
retained as a result. For all tested similarity measures, a
number of adjacent results occur, which do not truly re-
flect separate matches, but rather the similarity of a pattern
to a slightly shifted counterpart. Therefore, we finalize the
pattern matching process with a peak detection procedure,
retaining only the match with the best similarity value from
a sequence of adjacent matches.

4.2 Implementation of similarity measures

We extract the pitch values from the original kern files us-
ing music21 [2], and implement the similarity measures in
python, using various scientific libraries [9]. For the corre-
lation coefficient, the corcoeff function in numpy was used;
the B-spline representation required for Pitch Derivative
is performed with the splrep and splev functions from the
scipy.interpolate package, using cubic B-Splines. Integra-
tion of the spline representation is performed with the com-
posite trapezoidal rule, as implemented in
scipy.integrate.trapz. Note that our implementation differs
from Urbano’s method as it does not split the patterns into
shorter segments for subsequent alignment. We decide to
omit this step, as most of our patterns are too short to split
them up into even shorter segments. Moreover, we use a
different method for the computation of the area between
the derivatives.

Figure 2: An example for the pattern matching process.
The start of the first melody in Figure 1 is displayed as
the blue, solid line. A motif of class 1: gfed, represented
by a dashed, purple line, is compared at each position in
the melody using one of the similarity measures. We show
comparison steps 1, 4, and 8, with step 8 resulting in the
best match.

4.3 Music representation

We represent the folk songs as pitch contours, or lists of
pitch values, extracted at evenly spaced points in the score.
Not all songs of a tune family were notated in the same me-
ter: for example, a tune family can contain variants notated
in 6/4, 3/4, or 6/8. We solve this problem by manually de-
termining the duration units that map all melodies belong-
ing to the same tune family onto each other. This allows
for comparison of similarity measures which are not time
scale invariant.

For each of the duration units, the sounding pitch is rep-
resented by MIDI note numbers. For example, if the du-
ration unit of a song is a semiquaver, a crotchet g’ for this
song would be represented as [67, 67, 67, 67]. Also see
Figure 2 for an impression of the resulting pitch contours.

The vast majority of the folk songs in the Dutch Folk
Song Database have been notated in the tonality of G ma-
jor, which is a common practice in folk song research. We
transpose all melodies notated in other tonalities to the G
major tonality, enabling us to include similarity measures
in our comparison which are not transposition invariant.

4.4 Evaluation procedure

We calculated precision and recall scores for the patterns
matched with the six similarity measures at various thresh-
olds. To this end, we compare the starting positions of the
annotated patterns with those of the matched patterns, and
register a hit when the matched patterns result from a query
belonging to the same motif class as the annotated pattern.

However, it seems harsh to penalize hits which are just
slightly shifted with respect to the annotated starting posi-
tions as false positives. Therefore, we use a rating scheme
in which matches found within a tolerance interval around
the annotated starting position receive a score between 0
and 1, depending on their proximity to the annotated start-
ing position.

We define the tolerance interval ti based on the length of
the matched pattern l

p

. We apply the following tolerance
interval for a pattern p,

ti

p

=
l

p

4
+ 1 (7)
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Figure 5: The scoring scheme for partial matches of a pitch contour of length
8. If the pattern match is 3 time steps or more away from the an-
notated starting position, it receives score 0. Otherwise, it receives
a score between 0 and 1, depending on its proximity to the anno-
tated starting position.

and award scores sc
p

to the shifted pattern matches depending on the
distance of the annotated start position s

ann

, and the start position
given by pattern matching, s

pm

:

sc

p

=
ti- |s

ann

- s

pm

|

ti

(8)

A schematic overview of the scoring scheme for partial matches of a
pitch contour of eight duration units can be seen in Figure 5.

From the scores sc
p

for all matched patterns, up to the total number
of matched patterns n

p

, we derive a true positive score, tp⇤:

tp⇤ =

n

pX

p=1

sc

p

(9)

The false positive score can then be defined as the difference be-
tween the number of matched patterns n

p

and the true positive score.

fp⇤ = n

p

- tp⇤ (10)

The number of matches retrieved with an ideal similarity measure
in the described pattern matching procedure is related to the num-
ber of occurrences n

occ

of each annotated motif class mc

i

, to the
total amount of annotated motif classes, n

mc

. Each occurrence can
be matched to itself, and all other occurrences of a motif class. We
receive the false negative score from this number:

fn⇤ =

0

@
mc

i

=n

mcX

mc

i

=1

n

2

occ

1

A- tp⇤ (11)

P =
tp

tp+ fp

(12)
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48 similarity measures for musical pattern matching

R =
tp

tp+ fn

(13)

From these three scores, we calculate precision, recall and F mea-
sures. For the F measures, we choose F1, the harmonic weight of pre-
cision and recall, F2, which weighs recall twice as heavily as precision,
and F.5, which weighs precision twice as heavily as recall.

6.4.5 The influence of pattern length

We are also interested whether the length of patterns influences the
results of the investigated similarity measures. To this end, we define
three pattern categories: short,
medium and long patterns. We define short patterns as containing
one or two notes, medium patterns as containing three to five notes,
and long patterns as containing six to twelve notes, respectively, as
this categorization distributes the patterns most evenly.

For each pattern length, we repeat the evaluation procedure intro-
duced in the previous section, and determine the optimal threshold
to achieve the maximum F1, F2 and F.5 values. Only the F1 value will
be presented in the results section due to space limitations, but the
reported observations for F1 hold for F2 and F.5 as well.

6.5 results

We present the precision, recall and F measures achieved with the six
similarity measures in Table 5, showing the thresholds which achieve
the highest values for F.5, F1 and F2, respectively. If two F measures
are maximal at the same threshold, they are displayed in the same
row.

For the Correlation measure, the threshold is the minimum cor-
relation coefficient of two pitch contours: a pattern achieving lower
correlation than the threshold is discarded from the results. For kMis-
match, Difference, Levenshtein, Substitution Distance and Pitch Deriva-
tive, the
threshold is defined as the maximum dissimilarity per duration unit:
for example, a threshold of 0.5 indicates that for a pattern containing
eight duration units, a maximum of four mismatches, pitch differ-
ences, or edit operations are allowed, and all patterns with higher
values are discarded.

High precision values are generally achieved with high similarity
constraints, which requires a high threshold for correlation, and low
thresholds for all other measures. Conversely, recall rises as the simi-
larity constraints are relaxed, at the cost of precision. The F measures
give a good intuition of compromises between precision and recall.

[ September 26, 2014 at 0:07 – classicthesis version 0.9 ]
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R =
tp

tp+ fn

(13)

F1 = 2 · P · R
P+ R

(14)

From these three scores, we calculate precision, recall and F mea-
sures. For the F measures, we choose F1, the harmonic weight of pre-
cision and recall, F2, which weighs recall twice as heavily as precision,
and F.5, which weighs precision twice as heavily as recall.

6.4.5 The influence of pattern length

We are also interested whether the length of patterns influences the
results of the investigated similarity measures. To this end, we define
three pattern categories: short,
medium and long patterns. We define short patterns as containing
one or two notes, medium patterns as containing three to five notes,
and long patterns as containing six to twelve notes, respectively, as
this categorization distributes the patterns most evenly.

For each pattern length, we repeat the evaluation procedure intro-
duced in the previous section, and determine the optimal threshold
to achieve the maximum F1, F2 and F.5 values. Only the F1 value will
be presented in the results section due to space limitations, but the
reported observations for F1 hold for F2 and F.5 as well.

6.5 results

We present the precision, recall and F measures achieved with the six
similarity measures in Table 5, showing the thresholds which achieve
the highest values for F.5, F1 and F2, respectively. If two F measures
are maximal at the same threshold, they are displayed in the same
row.

For the Correlation measure, the threshold is the minimum cor-
relation coefficient of two pitch contours: a pattern achieving lower
correlation than the threshold is discarded from the results. For kMis-
match, Difference, Levenshtein, Substitution Distance and Pitch Deriva-
tive, the
threshold is defined as the maximum dissimilarity per duration unit:
for example, a threshold of 0.5 indicates that for a pattern containing
eight duration units, a maximum of four mismatches, pitch differ-
ences, or edit operations are allowed, and all patterns with higher
values are discarded.

High precision values are generally achieved with high similarity
constraints, which requires a high threshold for correlation, and low
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Comparison of measures

Threshold Precision Recall F.5 F1 F2
0.24 0.634 0.527 0.609 0.575
0.48 0.393 0.687 0.597

(a) Levenshtein Distance

Threshold Precision Recall F.5 F1 F2
0.24 0.663 0.439 0.602
0.48 0.582 0.557 0.569 0.562

(b) Substitution Distance

Threshold Precision Recall F.5 F1 F2
0.24 0.633 0.524 0.607
0.42 0.404 0.668 0.504 0.591

(c) kMismatch

Threshold Precision Recall F.5 F1 F2
0.25 0.656 0.415 0.587
0.46 0.606 0.484 0.538
0.95 0.419 0.601 0.553

(d) Difference

Threshold Precision Recall F.5 F1 F2
0.13 0.327 0.395 0.338
0.24 0.306 0.443 0.362
0.42 0.215 0.541 0.415

(e) Pitch Derivative

Threshold Precision Recall F.5 F1 F2
0.64 0.140 0.685 0.384
0.991 0.219 0.393 0.282
0.999 0.222 0.378 0.280

(f) Correlation

Table 1: The precision, recall and F scores of the compared
similarity measures. We show the thresholds at which the
F scores are maximal. F1 refers to the harmonic mean of
precision and recall, F.5 gives double weight to precision,
and F2 gives double weight to recall. When two F scores
are maximal at the same threshold, they are combined in
one row in the result table.

and long patterns, categorized as described in section 4.5.
The F1 values are printed next to the data points, which
are shaded depending on the F1 value, from yellow for low
values to red for high values.

Overall, it can be observed that longer patterns result in
higher F1 values. The influence of pattern length is most
pronounced for Correlation and Pitch Derivative, with con-
siderably higher values for long, as compared to short and
medium, patterns.

Shorter patterns require higher similarity (i.e. lower
thresholds for all measures but Correlation) to achieve the
best F1 values. The optimal thresholds for Substitution
Distance are considerably higher, and more widely spread
than the optimal thresholds for the Levenshtein measure.
A similar observation can be made when Difference and
kMismatch are compared with each other. Whereas most
measures have evenly spaced thresholds, Pitch Derivative
and Correlation show the most extreme difference in thresh-
old between short and medium length patterns on the one,
and long patterns on the other hand.

Figure 4: The optimal thresholds with respect to the F1
measure for the similarity measures at different pattern
lengths: short patterns (one or two notes), medium pat-
terns (three to five notes), and long patterns (six to twelve
notes). The shading of the dots indicates the value of the F1
measure, which is also given next to the data point: from
yellow for low values to red for high values.

6. DISCUSSION

The rather low F measures achieved with all similarity mea-
sures should be seen in the light of the problems of the task:
the far better results for the longer patterns than for short
patterns underline that short patterns lead to less accurate
results, as they are less specific. Consequently, these inac-
curacies negatively influence the overall results.

Surprisingly, quite simplistic measures such as kMis-
match and Difference do not seem to perform much worse
than measures allowing for inserts and deletions, such as
Levenshtein and Substitution Distance. This implies that
the addition or lengthening of a note might distort the per-
ceived similarity of a musical pattern more severely than
the alteration of a pitch.

One would expect, moreover, that the measures Dif-
ference and Substitution Distance should outperform the
kMismatch and Levenshtein measures, as they do not only
register the presence, but also the amount of deviation.
Even though this assumption is to some extent supported
by the higher precision scores of Difference and Substi-
tution Distance, the higher F.5 values of Levenshtein and
kMismatch indicate that the benefit of higher precision does
not outweigh the cost of lower recall.

Pitch Derivative is very successful for whole
melodies [11], while for very short melodic patterns it per-
forms less convincingly. For longer patterns of six or more
notes though, precision and recall improve drastically, ap-
proaching the F1 values of the Levenshtein, Substitution
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terns (three to five notes), and long patterns (six to twelve
notes). The shading of the dots indicates the value of the F1
measure, which is also given next to the data point: from
yellow for low values to red for high values.

6. DISCUSSION

The rather low F measures achieved with all similarity mea-
sures should be seen in the light of the problems of the task:
the far better results for the longer patterns than for short
patterns underline that short patterns lead to less accurate
results, as they are less specific. Consequently, these inac-
curacies negatively influence the overall results.

Surprisingly, quite simplistic measures such as kMis-
match and Difference do not seem to perform much worse
than measures allowing for inserts and deletions, such as
Levenshtein and Substitution Distance. This implies that
the addition or lengthening of a note might distort the per-
ceived similarity of a musical pattern more severely than
the alteration of a pitch.

One would expect, moreover, that the measures Dif-
ference and Substitution Distance should outperform the
kMismatch and Levenshtein measures, as they do not only
register the presence, but also the amount of deviation.
Even though this assumption is to some extent supported
by the higher precision scores of Difference and Substi-
tution Distance, the higher F.5 values of Levenshtein and
kMismatch indicate that the benefit of higher precision does
not outweigh the cost of lower recall.

Pitch Derivative is very successful for whole
melodies [11], while for very short melodic patterns it per-
forms less convincingly. For longer patterns of six or more
notes though, precision and recall improve drastically, ap-
proaching the F1 values of the Levenshtein, Substitution

Comparison of measures



Threshold Precision Recall F.5 F1 F2
0.24 0.634 0.527 0.609 0.575
0.48 0.393 0.687 0.597

(a) Levenshtein Distance

Threshold Precision Recall F.5 F1 F2
0.24 0.663 0.439 0.602
0.48 0.582 0.557 0.569 0.562

(b) Substitution Distance

Threshold Precision Recall F.5 F1 F2
0.24 0.633 0.524 0.607
0.42 0.404 0.668 0.504 0.591

(c) kMismatch

Threshold Precision Recall F.5 F1 F2
0.25 0.656 0.415 0.587
0.46 0.606 0.484 0.538
0.95 0.419 0.601 0.553

(d) Difference

Threshold Precision Recall F.5 F1 F2
0.13 0.327 0.395 0.338
0.24 0.306 0.443 0.362
0.42 0.215 0.541 0.415

(e) Pitch Derivative

Threshold Precision Recall F.5 F1 F2
0.64 0.140 0.685 0.384
0.991 0.219 0.393 0.282
0.999 0.222 0.378 0.280

(f) Correlation

Table 1: The precision, recall and F scores of the compared
similarity measures. We show the thresholds at which the
F scores are maximal. F1 refers to the harmonic mean of
precision and recall, F.5 gives double weight to precision,
and F2 gives double weight to recall. When two F scores
are maximal at the same threshold, they are combined in
one row in the result table.

and long patterns, categorized as described in section 4.5.
The F1 values are printed next to the data points, which
are shaded depending on the F1 value, from yellow for low
values to red for high values.

Overall, it can be observed that longer patterns result in
higher F1 values. The influence of pattern length is most
pronounced for Correlation and Pitch Derivative, with con-
siderably higher values for long, as compared to short and
medium, patterns.

Shorter patterns require higher similarity (i.e. lower
thresholds for all measures but Correlation) to achieve the
best F1 values. The optimal thresholds for Substitution
Distance are considerably higher, and more widely spread
than the optimal thresholds for the Levenshtein measure.
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and Correlation show the most extreme difference in thresh-
old between short and medium length patterns on the one,
and long patterns on the other hand.
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the alteration of a pitch.
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register the presence, but also the amount of deviation.
Even though this assumption is to some extent supported
by the higher precision scores of Difference and Substi-
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•short patterns: <=2 notes 
•medium patterns: 3-5 notes 
•long patterns: >=6 notes 
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•String comparison outperforms 
difference measures 

!

•For short-medium patterns, simple 
patterns perform equally well as 
more involved measures 

!

•Measures which view melodies as 
curves only become successful for 
patterns >=6 notes 
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Perspectives

•Influence of music representation 
•Different pattern annotations 
•Different measures 
•Efficient implementations 
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