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Abstract. Music score analysis is an ongoing issue for musicologists.
Discovering frequent musical motifs with variants is needed in order to
make critical study of music scores and investigate compositions styles.
We introduce a mining algorithm, called CSMA for Constrained String
Mining Algorithm, to meet this need considering symbol-based repre-
sentation of music scores. This algorithm, through motif length and max-
imal gap constraints, is able to find identical motifs present in a single
string or a set of strings. It is embedded into a complete data mining
process aiming at finding variants of musical motif. Experiments, carried
out on several datasets, showed that CSMA is efficient as string mining
algorithm applied on one string or a set of strings.
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1 Introduction

Everyone is able to tell sometimes: ‘This song seems to be from Supertramp or
this music from Chopin’. By listening to a musical excerpt one can recognize the
singer or the music’s style, even if the singer is unknown. For an instrumental
piece we are able to recognize the composer. This is probably due to the motifs
appearing in the music score. Musical motifs are pieces of music that can define
a signature for a composer, a music score or a music style. They correspond
to identical repeating music chunks or variations applied on a part of music
that is modelled by a string. As music notes are characterized by three kinds
of information (melodic, rhythmic and harmonic), musical motifs can also be
melodic and/or rhythmic and/or harmonic. To the best of our knowledge, only
few works tried to extract musical motifs where the mining process is applied on
one or many sequences of musical symbols. However, musical motif extraction
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with variants, except transposed motifs, is a case-study that was not addressed
before. In our work we are interested in melodic and/or rhythmic motifs mining
with variants.

Our goal is to extract musical motifs from music scores transcriptions. In
data mining, this task corresponds to motif mining from a single sequence or a
set of sequences called strings. In this paper, we propose an algorithm, called
Constrained String Mining Algorithm (CSMA), able to solve this task. In addi-
tion, in order to find musical motif variants, we present a preprocessing of the
music data. This preprocessing provides different representations of a music score
offering to CSMA the possibility to identify three variants of an initial motif:
transposed, inverted and mirror forms. Experiments carried out on synthetic and
real datasets have confirmed the interest of the proposed approach.

The rest of the paper is organized as follows. Section 2 is dedicated to the
state of the art, while the proposed algorithm CSMA is presented in Sect. 3. The
experiments are described in Sect. 4 and Sect. 5 concludes the paper.

2 Related Work

Agrawal and Srikant introduced sequence mining methods, based on their well-
known algorithm Apriori [1], initially designed for itemset mining in a trans-
actional database where each transaction consists in a customer-id, the trans-
action time, and the items bought [2]. Formally, the set of items is defined by
I ={iy,...,in} and a sequence s over I is an ordered list < s;...s; >, where s; C
(1 <4 <1l €N)is an itemset. | = |s| is called the size of the sequence [3]. A
pattern is a subsequence with multiple occurrences in the database. It is consid-
ered as frequent if it appears at least minFrequency time where minFrequency
is a threshold fixed by the user.

Several algorithms were proposed to solve efficiently this task like FreeSpan
and PrefixSpan, based on pattern-growth methods [4,5] or SPADE which imple-
ments a vertical format-based mining approach [6]. Among the most recent
sequence mining algorithms that outperform the other approaches, we can men-
tion CM-SPADE, an extended version of SPADE that can incorporate con-
straints. This algorithm is based on co-occurrence MAP structure allowing a
good pruning strategy during the candidate generation. Some other works intro-
duced constraint-based sequential pattern mining approaches, like cSpade [7]
and Prefix-Growth [8], where a set of constraints related to pattern length, gaps
inside pattern and other parameters are set by the user.

In our framework, we are more interested in motif mining on strings than by
pattern mining in sequences. Indeed, motif mining is applied on a string dataset,
which is equivalent to a sequence dataset with itemsets of length one. This
corresponds to our case where we consider that a music score can be represented
by one or several sequences, one sequence per instrument, and where at each
timestamp there is only one note in the sequence; the harmonic information is
not considered.

In such sequences, three types of motifs can be extracted: contiguous motifs,
non-contiguous motifs and approximate contiguous motifs. Contiguous motifs
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are motifs where the elements are lined up behind each other whereas in non-
contiguous motifs, jumps between elements positions are allowed. In approximate
contiguous motifs, introduced by Floratou et al., the presence of a certain con-
trolled noise is permitted but this notion is out of the scope of this work which
focuses only on contiguous and non-contiguous motifs [9].

Finally, we can mention episode mining which exploits sequences of events
where each event has an associated time of occurrence. To detect events occurring
frequently close to each other, episode mining considers a sliding overlapping
window of fixed size. An event is considered as frequent if it occurs in a minimal
number of windows [10]. For more details, we refer the interested reader to [11].

In our framework, a musical motif corresponds to a music chunk appearing at
minimal number of positions through the music score. This motif can be melodic,
rhythmic or both, depending on the nature of the music event features. Among
the first works in the music domain, Hsu et al. introduced a method to identify
frequent motifs in a music score, by considering only the melodic information in
a single sequence [12]. Liu et al. [13] proposed an improvement of this method
aiming at finding all non-trivial motifs (i.e. motifs that do not have sub motifs
with the same frequency). These algorithms are not suited for our task since
we are interested in identifying motifs with gaps whereas they consider only
contiguous motifs. Moreover they only process one sequence while we consider
music scores with one or several instruments corresponding to a set of sequences,
one per instrument. However, we retain from the algorithm proposed by Liu et
al. the structure for coding the motifs, that we adapt to handle gaps.

Besides, other works study the representation of the music scores. When
music data is in audio format, pitch values can be firstly extracted. Then, melodic
motifs can be identified using for instance, episode mining approach like in [13].
To exploit both melodic and rhythmic information, Béatrice Fuchs suggests to
transform the input music data into a data stream and then, mining frequent
itemset [14]. Finally, the work the most related to ours has been done by Jiménez
et al. who designed an algorithm able to find transposed musical motifs by exact
matching [15]. In this approach, the song is transformed into a sequence of notes
and the motifs are extracted by a sequence mining algorithm, called SSMiner.
In the same way than in this last work, we are interested in finding motifs as
well as their variations. For a given motif we can have three possible variations:
transposed, inverted and mirror forms. All these forms are interesting for the
musicologist since they reflect the style of a composer. Consequently, they can
define a signature for the composer, the score or the music style that can be
used as features for other mining tasks such as supervised or non supervised
clustering.

We propose in the next section a new algorithm, CSMA, able to extract
motifs from one or several strings with constraints related to the minimal fre-
quency, gaps inside motifs, and motif length. In CSMA,, the motif positions in
the music score are saved. Those positions are helpful for the musicologist to
analyse the score. They are also exploited to build new representations of the
music score which are used to extract variants of the musical motifs.
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3 Contribution

In this section, we introduce a new algorithm, called CSMA (Constrained String
Mining Algorithm), for discovering all frequent motifs in a string. CSMA per-
forms motifs search according to constraints related to frequency, gaps between
motifs, minimal and maximal length of motifs. It uses the same structure as the
algorithm of Liu et al. for coding motifs but with some modifications to take
gaps into account [13].

Hence, a motif m; is defined by three elements m; = (X, freq(X),P; =
[(pi1,lenit), ..., (Din,leni,)]) such that X corresponds to the motif value
(ordered list of items), freq(X) corresponds to its frequency and P; its posi-
tions and lengths. In the set of positions, called P;, the j! position of the "
motif is denoted p;; and its length at this position is denoted len,;.

Example 1. Given the sequence S = <ABABCDCABDCE>:

— The motif m corresponding to A is defined by m=(A,freq(A)=3, P = [(1,1),
(3.1), 8,1)]);

The pseudo-code of CSMA is given in Algorithm 1. This algorithm takes in
input a sequence S, a minimum frequency threshold minFrequency, a maximum
allowed gap length inside motifs marGap, a minimum motif length minLength
and a maximum motif length maxLength.

Table 1 shows an example of the process on the sequence of Fzample 1 with
manFrequency = 2, maxGap = 1, minLength = 1 and maxLength = 4.

The first step of CSMA (Line 4, Algorithm 1) consists in computing the
set F1 containing the frequent motifs of length one. It is performed using the
function COMPUTE which starts by enumerating all possible items from S
and computing the frequency of each item. The items with frequency greater
than or equals to minFrequency are added to Fi.

In the example of Tablel, the set of items is I = {A,B,C,D,E} and
F = {ml = (Av37Plz[(171)7(371)7(871)])a mg = (B>37PQZ[(271)7(4’1)5(971)D7
ms = (C, 3, Ps=[(5,1),(7,1),(11,1)]), ma = (D, 2, P,=[(6,1),(10,1)])}; the motif
containing £ does not belong to F; because it does not appear at least
minFrequency times. In order to get the set Fx containing the motifs of length
equals to (K = 2), a joining operation JOIN is considered (line 7) between each
element m; of Fx_1 and each item m; belonging to F;. The joining operation is
O(|P;| x | P;]). So, in order to prune the search space, we compute the position
on which the motif m; is considered as frequent (line 8). This position, called
frequent Position, corresponds to the sum of the index of m; € Fx_1 at the
minFrequencyt® position and the length of m; for the same position.

Example 2. In Example 1, as minEFrequency = 2, the minFrequency'™ position
will be the second position. Consequently, for the motif m; = (A,3,[(1,1), (3,1),
(8,1)]) knowing that its second position corresponds to p12 = 3 and its length at
this position is len1o = 1, frequentPosition of my equals p1o+lenio = 3+1 = 4.
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Algorithm 1: Constrained String Mining Algorithm (CSMA)

Input : Sequence S, minFrequency,marGap, minLength and mazxLength
Output: F: The set of frequent motifs respecting constraints

1 begin
2 K =1,
3 F1 =0
4 COMPUTE(F;); /* Compute frequent motifs of length 1*/
5 while Fx # () do
6 K=K+1;
7 for m; = (X, freq(X), P;) € Fx—1 do
8 fTequem‘POSition = PiminFrequency + leniminFrequency;
9 C = GEN_CANDIDATES(frequentPosition, F1);
10 for m; = (Y, freq(Y), P;) € C do
11 m; = JOIN(m;, m;, maxGap, maxLength);
/*my = (Z, freq(Z), Px) is a new motif built by joining m; and
m;*/
12 if freq(Z) > minFrequency then
13 ‘ fK:fKU{mz};
14 end
15 end
16 end
17 end

18 F =Up<x Fr

19 FILTER(F, minLength);/* This function removes motifs that violates
minLength frequency constraints and keeps only frequent ones */

20 return F;

21 end

Then, candidate motifs are generated using the GEN_CANDIDATES
function. Given the position frequentPosition and the set of all frequent motifs
of length one already extracted, this function computes a set C C F; of candidate
motifs that could be joined to m; starting from frequentPosition. Our pruning
strategy is based on the fact that a motif m; € F; cannot be a candidate for
m; € Fi_1 if it does not appear after frequentPosition since the joining result
of m; and m; cannot be frequent.

For instance, in example of Table 1, for the motif my(D), as the motifs A, B
and D do not appear after its frequentPosition, which equals to 11, DA, DB
and DD could not be frequent and, the only candidate for this motif is C'.

Once the selection of candidate motifs is done, a set C C F; is computed.
Then, the joining operation is performed for the selected motif m; with each
element m; € C. The motif joining (concatenation) is defined as follows:

Let be two motifs m; € Fx_1 and mg € F7 defined as m; = (X, freq(X), P, =
[Uigfreq(X) (plia lenli)]) and mg = (Y7 freq(Y)7 Py = [Ujgfreq(Y) (p2j7 lenzj)])’
my join my gives my € Fg defined as m3 = (Z, freq(Z), P;) such that Z is
the concatenation of (X,Y") and Pj is a set of positions p3; and lengths lengy.
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Table 1. Processing of S = <ABABCDCABDCE> with minFrequency = 2,
mazrGap = 1 and maxLength = 4

K|k| Frg_1 Frequent | C | New motif Accepted | Violations
Position

oo R - |-

1]-14,3[1,1,61,68D] |- - |- v

1 |-1B,3[(21),4,1),(9,1)] - - - v

1]-168,06,1),(7,1),011,1)] |- - |- v

1 |-|D,2[6,1),(10,1)] - - |- v

2 | 1]A,3,[(1,1),(3,1),(8,1)] 4 A | Ax A1, [(1,3)] X minFrequency

2 |1]A,3,[(1,1),(3,1),(8,1)] 4 B | AxB,3,[(1,2),(3,2),(8,2)] | v

2 |1]A,3,[(1,1),(3,1),(8,1)] 4 C | AxC,1,[(3,3)] X minFrequency

2 |1]A,3,[(1,1),(3,1),(8,1)] 4 D | AxD,1,[(8,3)] X mazGap,
minFre-
quency

2 |2]B,3,[(2,1),(4,1),(9,1)] 5 A | BxA1,[(2,2)] X mazGap,
minFre-
quency

2 |2]B,3,[(2,1),(4,1),(9,1)] 5 B | Bx*B,1,[(2,3)] X mazGap,
mainFre-
quency

2 |2]B,3,[(2,1),(4,1),(9,1)] 5 C | B=xC,2,[(4,2),(9,3)] v

2 |2]B,3,[(2,1),(4,1),(9,1)] 5 D | Bx*D,2,[(4,3),(9,2)] v

2 |3]C,3,[(5,1),(7,1),(11,1)] 8 A | CxA1[(7,2)] X minFrequency

2 [3]C,3,[(5,1),(7,1),(11,1)] 8 B |C=x*B,1,[(7,3)] X minFrequency

2 |3]C,3,[(5,1),(7,1),(11,1)] 8 C | CxC,1,[(5,3)] X mazGap,
minFre-
quency

2 |3]C,3,[(5,1),(7,1),(11,1)] 8 D|C=x*D,1,[(5,2)] X mazGap,
minFre-
quency

2 |4 | D,2,[(6,1),(10,1)] 11 C | D=xC,2,[(6,2),(10,2)] v

3 | 1] A%B,3,[(1,2),(3,2),(8,2)] |5 A|AxBxA1,][(1,3) X mazGap,
minFre-
quency

3 |1]AxB,3,[(1,2),(3,2),(8,2)] | 5 B | AxB=xB,1,[(1,4)] X mazGap,
minFre-
quency

3 1] AxB,3,[(1,2),(3,2),(8,2)] |5 C|AxB=xC,2,((3,3),(8,4)] v

3 |1]AxB,3,[((1,2),(3,2),(8,2)] | 5 D|AxB=x*D,2,((3,4),(8,3)] v

3 2| BxC,2,((4,2),(9,3)] 12 - |-

3 |2|Bx*xD,2,[(4,3),(9,2)] 11 C | BxD=xC,2,[(4,4),(9,3)] v

3 | 3| DxcC,2(6,2),(10,2)] 12 - |-

4 |1 AxB=xC,2,((3,3),(8,4)] |12 - |-

4 |2| AxBxD,2,((3,4),(8,3)] |11 C | AxBxD=xC,2,((3,5),(8,4)] | X mazLength,
minFre-
quency

4 |3|BxD=C,2,((4,4),(9,3)] |12 - |-

A position p3i € P equals to py; if and only if 3j < freq(Y) such that the three
conditions are verified:

0 < pa; — (p1i + leny;) < maxGap
1= arg minlgf,,.eq(x)(ij — (p11 +lenyy)) (2)
p2; + leng; — p1; < maxLength

(1)
(3)
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The first condition guarantees the constraint associated to maxGap. It allows
to compute all possible gap values for a given p»; considering all pq;. Only positive
gap values that are lower or equals to maxGap are retained. Then, with the
second condition, the index ¢ of p;; which has a minimal value for the gap is
recovered. Finally, in the third condition, the length of the motif is computed in
order to check if it respects the maxLength constraint.

More precisely, the positions pi; from m; and ps; from my verifying the
previous conditions allow to define the position p3; corresponding to p; for mg,
and the length lensy, is equal to pa; + leng; — p1;. The frequency of ms3 is equal
to the number of positions in Ps.

It can be noticed that the frequency of each new motif is lower or equal to
its sub-motifs. This means that the joining operation verifies the anti-monotony
property which allows to prune the search space.

Once F; is obtained, the other sets Fx of length K > 2, are computed
and the while loop stops when no new motif is generated. In conclusion, in this
example we obtain the following result: 7y = {A,B,C, D}, F» = {A* B, B
C,BxD,D%C}, F3={AxBxC, Ax Bx D, Bx DxC} and F; = (), where *
denotes a gap.

In the next step, (line 19 in Algorithm1), all frequent motifs of order £ < K
are put in F. Then, motifs that do not respect the minLength constraint are
removed from F. The FILTER function scans each motif m = (X, freq(X), P =
[Ui< freq(x) (Pisleni))]) € F and if it finds a position for which len; is lower than
minLength it removes it from the set P. In the end, the value freq(X) is updated
and if it is lower than minFrequency the motif is removed from F. In the example,
as minLength equals to 1, F = F; U F5 U F3. In Table1, the column wviolation
shows violated constraints that fails the joining operation.

As Algorithm 1 makes a breath first search to build motifs, it needs an
exponential running time which is estimated to O((maz(|P|) x |Fy)|mazkength).
with maz(|P|) the maximal size of positions sets.

3.1 Extension of CSMA

The previous algorithm searches motifs in a single string. However, for a given
piece of music, we can be interested in identifying motifs for different instruments
namely in several sequences, one per instrument. One can noticed, that CSMA
can be extended, in a easy way, to extract motifs within a string database. The
adaptation is done in the joining operation by adding to the first conditions a
new one according to which “py; and py; should belong to the same string”. In
the sequel, to make difference between the two versions, we call the first one
CSMA1 and the adapted one CSMA2.

4 Evaluation of CSMA

Our experiments aims to evaluate the results provided by CSMA on synthetic
and real datasets.
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4.1 Experiments on Synthetic Dataset

In order to generate data that can be interpreted as musical data, we consider
that a note is an item, a measure is a sequence and a score is obtained by
concatenation of the sequences belonging to the database. The strategy, that
we used to control the motifs belonging to the sequence, consists in generating
a dataset without motif, then, generating motifs and introduces them into the
dataset. SPMF generator has been used to build sequences with large vocabulary
(maximum distinct items) and small itemsets (item count per itemset) with the
following parameters [16]. Sequence count, maximum distinct items (Z), item
count by itemset and itemset count per sequence (S) have been fixed respectively
to 500, 1000, 1, and 10.

Thus, with these settings, in the generated dataset, called D500I1KT10, the
probability of having freq occurrences of a motif of size [ is very low, estimated
to (A /A[g)Frea.

Then, a set of contiguous motifs has been generated as well as a set of gaps
which have been inserted into the motifs to form non-contiguous motifs. Both
types of motifs have been inserted independently in D500I1KT10 leading to
two databases, each containing ten datasets: the datasets in Databasel contain
sequences with contiguous motifs whereas those in Database2 contain sequences
with non contiguous motifs.

These datasets allow to evaluate CSMA2, the version of our algorithm able to
handle a set of sequences. For this reason, CSMA2 has been compared to CM-
SPADE, proposed by Philippe Fournier-Viger [17]. As expected, CSMA2 and
CM-SPADE have found the same motifs with exactly the same frequencies. The
first conclusion is that CSMA is able to extract contiguous and non-contiguous
motifs from databases composed of different sequences but one of its advantage
is to provide the positions of the detected motifs.

The second part of the evaluation concerns CSMA1, the version of our algo-
rithm which searches motifs from a single sequence. For this experiment, each
dataset has been transformed into one string, by concatenating all the sequences
together. Thus, we obtain two other databases built from Database 1 and Data-
base 2, called respectively stringl, with contiguous motifs, and string2, with non
contiguous motifs. The results are evaluated according to the number of identi-
fied distinct motifs and the frequency (number of occurrences corresponding to
these motifs). The average values i and standard deviations o computed over the
10 datasets for each database are reported as final results. CSMA1 is compared
with the algorithm of Liu. For CSMA, minFrequency, minLength, maxLength
have been set respectively to 2, 2, 20 with maxGap equals to 0 for stringl and
to 3 for string2. The results are presented in Table 2.

Concerning the datasets containing a sequence without gap (stringl), the
results show that CSMA1 and Liu algorithm find approximatively the same
numbers of distinct motifs with almost the same frequencies. The difference
comes from the fact that Liu’s algorithm identifies only non-trivial motifs when
our algorithm detects all the motifs verifying the constraints. For the datasets
with gaps (string2), we observe the same phenomena but the difference is more
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Table 2. String mining results

Algorithms | Stringl (u(o)) String2 (u(o))

Number of distinct motifs | Frequencies Number of distinct motifs | Frequencies
CSMA1 1100.6 (41.45) 7893.2(1210.14) | 6964.8 (2669.22) 25514.8 (10035,26)
Liu [13] 1003.4(38.94) 7088.4 (869.72) | 1073.1 (21) 6891.4 (914)

important. This is explained by the fact that long motifs are broken into smaller
ones, due to the gaps, but they remain frequent. However, since CSMA1 allows
gaps of length 3, the number of motifs detected by CSMA is higher than with Liu
algorithm. So, CSMA is able to extract contiguous and non-contiguous motifs
from a single sequence and it can take into account the gaps, which is not the
case of the Liu’s algorithm.

In conclusion, with its both versions, CSMA can find contiguous and non-
contiguous motifs, with or without gaps, from a single string or a set of strings.

4.2 Real Music Data

Preprocessing of the Music Data. Music symbol-based features are usually
represented by pitch values. These values contain two kinds of informations:
melodic and rhythmic. Melodic information corresponds to an alphabetic letter,
followed by the octave value that can be encoded in MIDI format. For instance,
a C note on the 5 octave, written C5 corresponds to 72 in MIDI format. The
rhythmic information corresponds to the note duration. The aim of our work is to
identify musical motifs which can be melodic, rhythmic or both (pitch sequence)
and our experiments have shown that CSMA is able to do it. Moreover, we search
also three musical variants of a motif: its transposed, inverted or mirror form as
illustrated on Fig.1. A transposed motif is a music part that contains the same
tonal variation than an other part in the music score, for instance in Fig. 1, mg
is a transposed form of m;. An inverted motif is a part that is characterized by
inverted tonal variation of an other part, like for example, m4 and ms. Finally,
a mirror motif corresponds to a symmetric positioning of notes such as ms; and
mg. These forms are useful to characterize a composer or a music score. They
can be used as a signature for other data mining tasks such as supervised and
non supervised clustering or composer identification.

We introduce this section with the presentation of a method based on a
preprocessing of the initial melodic sequence S, able to detect their melodic
variants. To this end, we consider the sequence of intervals between consecutive
notes from S. By this way, three new sequences are built. The first one, denoted V'
corresponds to the melodic variation between two notes. For instance in Fig. 1,
the variation between the note in the first position (60) and the note in the
second one (61) equals 1 (61-60). The second sequence, denoted —V is obtained
by taking the opposite of each value in the sequence V', so each positive value
in V becomes negative and vice-versa. Finally, the last sequence, called inverse
of =V and denoted —V is obtained by taking the sequence —V in reverse order
beginning by its last element. Once the primary and secondary sequences have
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(a) Indexes

102 3 4 s 6 78 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
(b) absolute pitch melodic sequence (S)

60 61 61 63 64 65 65 67 60 61 61 63 67 71 6572 67 63 69 62 62 69 63 67

() melodic intervals sequence (V)

1 0 2 11 0o 2 -7 1 0o 2 4 4 6 7 5 -4 6 -7 0o 7 -6 4
(d) Opposite melodic sequence (-V)
-1 0 -2 11 0 -2 7 -1 0 -2 -4 -4 6 -7 5 4 6 7 0 -7 6 -4
(e) Inverse of -V (=V)
-4 6 -7 07 -6 4 5 -7 6 -4 4 -2 0 -1 7 -2 0 -1 -1 -2 0 -1

Fig. 1. musical motifs and their variants

been defined, CSMA can be applied to them to extract musical motifs variants,
as explained below.

To detect transposed and inverted motifs, —V is put after V' (i.e. the last
element of V is followed by the first element of —V') this makes a sequence
< V,=V > of size 2[,, on which CSMA is applied. Then, if CSMA generates
a new motif having two positions (4,len;), (j,len;) such that if ¢ < I, Aj <
ly Nlen; = len; A there is no identical motif occurrence in that positions then
we have a transposed form at positions ¢ and j. For example, as we can see in
Fig. 1(c), the motif with the value <1 0 2> has three positions which correspond
to 1, 5 and 9. As the positions 1 and 9 correspond to the identical motifs m;
and mg previously found, it remains the motif at position 5 which corresponds
to ms. So we conclude that ms is a transposed motif of m; and mg.

If CSMA extracts a motif having two positions i and j, if ¢ <1,,5 > [, and
Si—1 = Sj—1, then the subsequence S1 =< Sj_i,, ..., Sj—i,+ien; > 18 an inverted
form of the subsequence So =< S;_1,...,Si—1+ien; >. For example, when we
concatenate sequence (c¢) and (d) from Fig. 1, the motif with the value <4 -6 7>
is present at position 13, which is lower than 23 (I, ), and at position 40, which is
greater than 23. Moreover, S;_1 = S13—1 = 67 and S;_;, = Si—23 = S17 = 67.
So the motif ms, which starts from position 17, is an inverted form of the motif
my, which starts from position 13.

To detect mirror form, —V is put after V such that the last element of V is
followed by the first element of —V. This makes again a new sequence < V,—V >
of size 21,. If CSMA finds a motif m = (X, freq(X), P) with (i,len;), (j,len;) €
P such that (i < 1,) A (j > 1) A (Vigien, ;2 = 0) A (len; = leny) then the
subsequence from position i — 1 to ¢ 4+ len; — 1 in the melodic sequence S is a
mirror motif.

For example, in Fig.1(c)(e), the motif with value <—4 6 —7> appears at
two positions in < V,—V >, one before I, and another one after. As the middle
value variation is equal to 0, then the motif <—4 6 —7 0 7 —6 4> starting from
position 17 to 24, that includes ms and mg, is a mirror motif.
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Table 3. Number of distinct musical motifs (and variants) in real music scores

Music score | Part | Melodic sequence | Melodic variations Rhythmic sequence | Pitch
sequence
Size Simple Transposed | Inverted | Mirror | Size Simple Simple
motifs motifs motifs motifs motifs motifs
Score 1 P1 287 13 5 3 3 307 58 39
P2 295 17 17 1 0 313 56 61
P3 239 19 2 2 4 270 66 5
P4 217 41 5 1 14 240 56 143
Score 2 P1 66 56 55 0 2 141 34 68
P2 166 7 11 0 1 244 77 28
P3 518 55 24 6 9 586 138 154
P4 129 16 21 0 4 182 55 47
P5 458 73 21 0 1 475 98 90

Evaluation on Music Scores. CSMA has been tested on two music scores
‘The art of fugue Bach BWV 1080’ (score 1) and ‘Johann Pachelbel hexachordum
apollinis’ (score 2) in midi format. Firstly, each music score has been transformed
into a set of symbolic sequences: a sequence per instrument. Thus we obtained
four sequences, P1 to P4, for score 1 and five for score 2 (P1 to P5). Then,
different types of sequences have been extracted: absolute pitch sequence (MIDI
value-based melodic sequence), duration sequence (rhythmic sequence) and pitch
sequence (melodic and rhythmic sequence). Melodic sequences allow to extract
simple motifs with or without variations (transposed, inverted and mirror forms)
whereas only simple motifs can be detected in the other sequences.

The parameters minFrequency, mazxLength, maxrGap and minLength were
respectively fixed to 2, maximum Java integer value (no constraint for
mazxLength), 0 and 4 for simple motifs and 3 for variants.

The number of motifs extracted for each sequence is given in Table 3.

We can notice that both music scores contain all types of motifs even if parts
in score 1 are of the same size whereas score 2 contains mix long and short parts.
However, melodic variants appear across the different parts in score 1. We can
conclude that there is a general theme hidden through the parts in score 1. The
distribution of the motifs in score 2 is different. Score 2 uses more transposed
motifs, notably in part 1 (P1) even if this part is the shortest. Part 3 contains the
different forms. That is not the case of part 5 even if they have approximatively
the same size. This difference in the motif distribution confirms our hypothesis
concerning the discriminant power of these forms used as descriptive features of
music scores for composers work identification.

5 Conclusion and Future Work

In this paper, we introduced an original motif mining algorithm, called CSMA,
able to find contiguous and non-contiguous motifs. This algorithm incorpo-
rates constraints related to frequency, gap size and motif length. With its two
versions, CSMA can find motifs from one or multiple strings. Even if it has
been designed to extract musical motifs, CSMA can be used in other contexts.
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One of its advantage is that it saves the motif positions in the string and offers
the possibility to find motifs with gaps. Those positions are, then, useful to
extract musical motifs variants such as transposed, inverted and mirror forms.

It should be pointed out that these positions are also useful for the expert in
his analysis of the music scores. A software is under designing. It allows to display
the extracted motifs on the music sheet and it will be used for an evaluation by
the expert. Moreover, in future works, we plan to optimize CSMA in order to
improve the running time and to use the motifs and their variants as features
representing composers in the context of clustering tasks.
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