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Abstract. In music information retrieval, the melodic similarity is used
as main feature for the detection of relevant information. Among the
possible applications there is a detection of plagiarism of ideas exposed
by an artist in the past, the payment for copyrights using detection of
musical pieces in radio transmissions, the computer-aided composition,
etc. There exist several techniques exposed in melodic similarity that
use diverse statistical and probabilistic analysis. The objective in this
work is to establish a text words equivalent to musical notation using a
representation based on intervallic relationships and duration, and to
evaluate three textual information retrieval techniques applied to this
representation, as well as to propose changes to improve the system’s
performance.

1 Introduction

The music representation through descriptors such as duration, pitch, contour,
intervals, etc., is common in the system analysis and musical information retrieval
[1,2). The two dimensions in which a score is codified (vertical for pitch and
horizontal for duration) like symbolic registration of the music have been represented
in very different ways, in order to carry out analysis as probabilistic techniques like
hidden Markov chains [3], entropy analysis [4] and statistical correlations [4], among
other [5].

The intervallic analysis will be the fundamental unit for the melodic similarity
task, where the musical fragments are analyzed in their intervallic relationships in a
tempered chromatic scale [6]). The interval is the basic unit of analysis, putting aside
the pitch and the tonality as direct descriptors. Some previous works have used this
concept making a cartesian notation of the intervals [7] or determining the ,correla.txo_n
of the intervallic progressions [8]. A well-known work that makes special emphasis in
the relationships among contiguous intervals may be the one of Narmour [9]. The
author establishes a series of groups of contiguous intervals (implication patterns -
resolution) that allow analyzes melodies through their transformatioq in symbols.. An
important disadvantage of this focus is that it ignores the relationships of durations,
which is an inconvenience for the information retrieval.
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This work explored the conversion to text words from the extracted intervals of
MIDI documents. This focus is not completely new in the sense that other authors
have previously used techniques coming from the analysis of texts to solve problems
related with the processing of the music information.

One possible encoding is the one proposed by Downie [10] or Doraisami and
Riiger [11] that have used models based in n-grams for melody identification. On the
other hand, in [12] the authors use words models to identify musical styles.

Three techniques of textual information retrieval have been used: Cosine [13],
Kaszkiel [14] and Pivoted Cosine [15] to check the effectiveness in the determination
of the retrieval for relevant information through melodic similarity. Also, this work
proposes some modifications in the techniques mentioned above to improve the

performance.

2 Methodology
2.1 Conversion to Text Words

Starting from a musical fragment (see Fig. 1), it takes the first note and the distance is
calculated in semitones with regard to the following note. This distance (interval) is
represented with the letters d-s-n-m-p-t of the Hanson system [6] plus the five vowels
a-e-i-0-u to form the intervals of two octaves and one half' [16] (see Fig. 2). Thus, the
intervals are coded into characters in this form.

The original work of Hanson was addressed to the modern music analysis.
Because of that, it is convenient to introduce some modifications to adapt the code to
this work. A third letter is added to the representation as follows: "I" to represent a
descendent interval and "r" for an upward interval. The representation of an interval
of zero semitones was not considered originally in the Hanson’s analysis but it has
been considered in this work to obtain a more complete representation of the
melodies. For it the word “loo” has been used. This example shows some intervals
and its corresponding textual codes.

Also, the duration of the two notes that conform it is considered as the duration of
the interval representing units according to their musical figure, where the value 1 is
given to a black note. This way, the duration can take fractional values. A couple of
examples of Hanson intervallic representation of the melody can be appreciated in
Fig. 3. This representation is a simple and comprehensible musical notation of a
fragment. Through the definition of any initial note, one melody can be reproduced in
different tonalities keeping its similarity [16]. Therefore, when untying the tonality of
the melody the analysis is simplified and it is focused to the relationship between the
intervals and their durations.

! These syllables have been used for many years in teaching systematic intervallic
solfege.
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Interval in semitones: 123 456 7 8 9101112..
Corresponding codification: da sa na ma pa ta pe me ne se de te

a a . 702.001.990-1.1.1.mid
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First Interval Duration: J =1
7 semitones
Duration: 3
Fig. 1. Interval analysis.
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da sa na ma pa ta te

Fig. 2. Syllables’ examples of the systematic-intervallic solfege. In the superior part of the staff,
the syllables corresponding to the code of the interval are indicated between the intermediate
note and the superior one of each chord, and the lower code corresponds to the intermediate
note in relation to the lowest one.

702.001.990-1.1.1.mid
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per3 loo2 sal2  per2 sal2  sal2  dal3
450.039.857-1.1.1.mid
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] = E 1 4 i ; 1 4 ' 4 % 1 1 i |
5 ! H H i H g ! H

lood mard sald sald sad lood sard lood

Fig. 3. Hanson intervallic representation for two music fragments. The code showed over the
scores is the key corresponding to the RISM database (see section 2.3).
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2.2 The Information Retrieval System

One of the objectives of the presented work is to export techniques, commonly used
in textual information retrieval, to the field of music information. In this way, we will
consider that the documents we work with are monophonic melodic fragments, and
the terms of these candidates are composed in textual codes for each one of the
intervals present in such candidates.

Given a database of melodic fragments, the indexation will made through the
following procedure. First, the musical fragments are converted to text according to
the methodology described. Then, an index is extracted out of each fragment, which is
addition of durations for all the intervals of the same type found in this fragment. In
this way, the concept of “frequency” which is characteristic of the field from the
textual information retrieval is assimilated as the duration of the notes in each melodic
fragment. For it is determined as follows:

o  The frequency (i.e., the duration) of the terms (intervals of one type) in the
document (f;) (see Table 1). For example, in the first candidate, the interval
"sal" appears 3 times with duration of 2 units in each interval, because of
that, the value of the f; of the interval "sal" is 6.

Table 1. Indexation for frequencies of terms corresponding to Fig. 3 music fragments.

Music Fragment Interval
702.001.990-1.1.1.mid dal
loo
per
sal
450.039.857-1.1.1.mid loo
mar
sal
sar

000 A TAUNN W

e The frequency of the candidates of the collection (f;) that each one of the
terms contains (see Table 2).

Table 2. Indexation by candidates’ frequencies of Fig. 3 music fragments.
There are only two candidates in the collection, therefore f; < 2.

Interval
dal
loo
mar
per
sal
sar

—_N — = N |2
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2.3 Data Set

The corpus used for the experimentation has 581 melodic fragments with an average
of 14 intervals for melody. The format of the melodies is MIDI. These melodies
conform the answers to 11 queries generated by the team of Rainer Typke of the
Utrecht University [17], being the most similar (relevant) candidates evaluated and
ordered by 35 experts in the musical field starting from the collection RISM A/II out
of more than 456.000 melodies.

The 11 consultations have around 50 similar melodies. These are also ordered
according to a degree of similarity and in groups of same similarity. In the Fig. 4, a
query example and an extract of the melodies that are more relevant to this query are
visualized

2.4 Evaluation

In this section the measures proposed are presented to evaluate the precision, recall
and capacity of the algorithms used in this work to retrieval the candidates in an
appropriate order of relevance. Two methods will be used for this evaluation:

o  Evaluation according to the TREC? [18] competitions that considers all the
answers with the same degree of relevance, where the (not interpolated)
average precision, R-precision, the precision at 5 candidates and the charts of
precision versus recall interpolated will be mentioned.

e ADR (average dynamic recall) evaluation [19] also takes into consideration a
degree of relevance of each candidate, where groups determine the degrees
of relevance.

Considering R as the number of relevant candidates for a query:

e It takes the first R candidates returned by the information retrieval system.
e In each group division, the precision is calculated.
e The precision curve is integrated and is divided by R.

The result is a value between 1 and 0, where 1 is equal to retrieval the entirety of
relevant candidates, in its correct order.

2.5 Experimentation

In the experimentation, the information retrieval techniques of the Cosine, Kaszkiel
and of the Pivoted Cosine were used. Next, the formulas for the calculation of the
query’s weight, the candidate’s weight and their similarity are shown.

2 TREC: Text Retrieval Conference.
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1 Anonymus: Roslin Castle. 000.109.446

flor ey S ALE G 31
2 Anonymus: Roslin Castle. 000.111.779

P e P
ﬁfb—ﬂ P e e S e
3 Anonymus: Roslin Castle. 000.112.692

4 Anonymus: Roslin Castle. 000.132.330

Fig. 4. Query example (above) with the 4 more relevant candidates in order of relevance.

2.5.1 Cosine

Given two fragments, one for query, O, and other the candidate, D, selected in a
database where there are N candidates, the similarity is defined between both as:

k
Zqi -d,
—
B - .

’ k ’ k
where "Q" = Zq,z ; "D" = Zdiz and k is the number of terms in Q.
i1 i=1

. N
The weight of each term is defined as g, = ff, , - logc(7d—) for the terms of the

N
queryand d, = ft,, -logc(f7) for the each candidate. )

1

These expressions ff, ; represent the frequency of the term i-th of the candidate and
S, ; the frequency of the term i-th of the query.
2.5.2 Kaszkiel:

In an equivalent way, this measure of similarity among the consultation Q and the
candidates D is defined as:
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k
Zq.' 'di

sims(Q, D) = =

TR 3)
lel- o
k x
where "Q" = "Zqiz , "D” = "Zdiz , and the weight of the terms:
i=1 i=1
=108, +D 0, =108, (f,, +1-log, (3-+1 @

The initial evaluation was made using these techniques shown above. The results
were not more favorable than that technique of Cosine. It was determined that the
normalization of the natural logarithm affected negatively because it attenuated in an
excessive way the frequencies, therefore it was replaced by the square root of the

frequencies. In this way, the weights of the terms of the equation (4) were finally
substituted for:

N
dl = A ﬁd,i > g ='\/ﬁq.i 'loge (FH) %)

2.5.3 Pivoted cosine

The third technique used to evaluate the similarity between the query and the
candidates, is defined as:

q,-4,

sims(Q, D) = Zk: -

i=] d

d, =1+log,(ft,,+1), g, =1+log,(ftw. +1)-log,(

, and the weights:

N+1

) ©)

In the same way as for Kaszkiel’s case and since the Pivoted Cosine neither
improved the technique of the Cosine, the normalization of the natural logarithm of
the equation was replaced (6) for the square root of the frequencies:

d =1+ f,, . g, =1+ 7, -loge<Nf;‘) ™

The normalization factor that appears in the equation (6) would be:
L
W, =(1-slope) + slope - 2_1 ] (8)

B
being slope the factor of participation of the normalization, Lz the candidate longitude

in Bytes, and L, the average longitude of the all candidates in Bytes. But in the
results presented in section 3.1 of this work, modification of this normalization factor
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has been used, because the norm has been used with regard to the average duration of
all candidates’ intervals. As follows:

L
W, = (1- slope) + slope- -Z—i- ; o)

I

where L, is the total duration of the candidate's intervals and L, is the average of the
total duration of intervals for the candidates.

3 Results

3.1 Preliminary Results

The first test was to evaluate the performance applying the three methods, using as
weight of the query and weight of the candidate, the respective frequencies. In the
case of the Cosine, the frequencies were normalized between 0 and 1 with regard to
the maximum frequency found inside the analyzed candidate. And in the case of the
Pivoted Cosine, the norm was used with regard to the average of candidates' intervals
duration (23.55) with a slope of 0.4. The modifications proposed for the normalization
of the weights in the cases of Kaszkiel and pivoted cosine improved the results
regarding those obtained in the preliminary tests with the original equations. The
results of the evaluation of the 11 queries can be seen in Graph 1 and in Table 3.

It can be seen that the technique of the Pivoted Cosine provides better results with
55.18% of ADR for the average of the 11 queries. Observing the results individually
for each question, it can be noticed how it affects the Pivoted Cosine since the result
of some questions favors small candidates, but in other ones the result is good, close
or above 70%.

Table 3. Preliminary Results

Technique AP not int.” Prec. at 5* R-prec.’ ADR®
Cosine 0.4062 0.6364 0.4245 0.4569
Kaszkiel 0.3968 0.5455 0.4144 0.4436
Pivoted Cosine 0.4900 0.7091 0.4805 0.5518

3 AP not Int. : Not interpolated average precision
4 Prec. at 5: Precision at S retrieval candidates

2 R-prec.: R-precision.

® ADR: Average Dynamic Recall
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Graph 1. Precision versus recall for the preliminary results

3.2 Normalization Change

As the objective is finding the most relevant candidates according to the query, in the
case of melodic similarity it is important to make a hard analysis of the intervals

duration. In order to do this, the factor Rff, is established as the relationship between

the durations of the candidate and the durations of the query. This value is calculated
dividing the minor value by the major, and a numeric factor is obtained between 1 and
0 indicating the degree of similarity among the duration of the intervals of the same
candidate's type with regard the query:
. Sra
if ﬁq,i = ﬁd,i Rt = _t—
fq,i
ft,.
if fi,;< fig; Rt = f_‘“ an

d.i

(10)

Next, the Cosine is evaluated using the th,. as the candidate's weight:
N
d, = Rft,-log, () 12
jd,

In the case of Kaszkiel, the candidate's weight would be Rf?; multiplied by the
frequency of the query term:

di = \’Rﬁi 'ﬁq.i 3)
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And in the Pivoted Cosine the candidate's weight would be Rft; + 1 multiplied by
the candidate's frequency. Also, the norm will be in relation to the total duration of the
intervals of the query and not to the average of the duration of the candidates:

L
d, =1+ [fiy,-Rft,+1) , W, =(1-slope)+slope-—= , a4
ql

where L > is the total duration of the query intervals.

The results of the evaluation of the 11 queries are shown in the Table 5. It can be
noticed that the use of Rff; improves the performance of all methods. The cosine’s
technique improves the best result previously obtained, mainly in the precision,
because Rft; helps to compare the frequencies improving the results of the
correlation.

Table 5. Results using the intervals duration relationships’.

Technique AP not int. Prec. at 5 R-prec. ADR
Cosine 0.4645 0.7818 0.4703 0.5495
Kaszkiel 0.4798 0.8364 0.4653 0.5684
Pivoted Cosine 0.5314 0.8000 0.5112 0.6303

The Pivoted Cosine generates the best result with 63.03% of ADR for all 11
queries. The improvement obtained through Rfti is very significant (9% in precision
and 8% in ADR).

Observing the results one by one for each query, it can be noticed how the result
affects the Pivoted Cosine of some queries, since it favors small candidates, but in
other, the result exceed 75%.

Parcial ground truth for 800.000.193/330044

Order by Musicians Experts Music Information Retrieval System

------ Groups of relevance ADR at 5: 0.70

Fig. 5. Comparison results for a query between the music experts and the music information
retrieval system.

2 slope =0.3
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Comparing results can be seen in the Fig. 5 for a query between the music experts
and the music information retrieval system. Although the information retrieval system
did not return the first 5 candidates in the proper order, the order is acceptable
because the candidates maintain a relevant similarity in relation to the query.

4 Conclusions

It has been demonstrated that the intervallic relationships are important elements to
take into consideration for the melodic similarity task and that it is possible to make
an equivalent to text words and use the current techniques of textual information
retrieval.

In the case of Kaszkiel and Pivoted Cosine, a change was necessary in the
normalization replacing the function of the natural logarithm for the square root of the
frequency. Also, the improvements introduced to the three methods by the
relationship of frequencies ( Rft; ) demonstrated to be of great help, and they
improved much results in the evaluation of the TREC as well as the ADR.

It is possible to increase the results using a balanced normalization of the musical
fragments using the total duration of the intervals as the quantity of intervals that
compose them.

Another solution could be the application of an initial filter for the recovery of
most relevant candidates through these quick techniques, and then using a more
precise algorithm, to obtain the final results.

Another pending task is studying the behavior of the system in function of the size
of the musical fragments that are compared. The availability of a great database is
necessary to carry out these tasks.
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