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ABSTRACT

The objective of pattern-matching topics is to gain insights
into repetitive patterns within or across various music gen-
res and cultures. This approach aims to shed light on the
recurring instances present in diverse musical traditions.
The paper presents a study analyzing folk songs using sym-
bolic music representation, including melodic sequences
and musical information. By examining a corpus of 400
monophonic Slovenian tunes, we are releasing annota-
tions of structure, contour, and implied harmony. We pro-
pose an efficient algorithm based on suffix arrays and bit-
vectors to match both music content (melodic sequence)
and context (descriptors). Our study reveals that certain
descriptors, such as contour types and harmonic “stabil-
ity” exhibit variations based on phrase position within a
tune. Additionally, combining melody and descriptors in
pattern-matching queries enhances precision for classifi-
cation tasks. We emphasize the importance of the inter-
play between melodic sequences and music descriptors,
highlighting that different pattern queries may have vary-
ing levels of detail requirements. As a result, our ap-
proach promotes flexibility in computational music anal-
ysis. Lastly, our objective is to foster the knowledge of
Slovenian folk songs.

1. INTRODUCTION

Music pattern analysis in the field of Music Information
Retrieval (MIR) is extensively studied. The challenges of
this topic extend beyond algorithms, encompassing diverse
music forms, representation (signal, symbolic, or textual),
music content, and cultural metadata.

© VN. Borsan, M. Giraud, R. Groult and T. Lecroq. Li-
censed under a Creative Commons Attribution 4.0 International License
(CC BY 4.0). Attribution: VN. Borsan, M. Giraud, R. Groult and T.
Lecroq, “Adding Descriptors to Melodies Improves Pattern Matching: a
Study on Slovenian Folk Songs”, in Proc. of the 24th Int. Society for

Music Information Retrieval Conf., Milan, Italy, 2023.

1.1 Content and Context in Ethnomusicology

Ethnomusicologists analyze recordings, live perfor-
mances, and transcriptions (in various notations) to un-
derstand the composition of music. While transcriptions
reveal the what of the music, cultural context is essential
for comprehending the how and why behind these musical
structures.

Initiated by Merriam [1], and many others [2–7], the
music is to be observed in culture (in his later work, as

culture), or as a multi-dimensional object, a direct conse-
quence of the organization of social structures, and vice
versa. Some studies [4, 6, 8–10] have primarily compared
folk tunes based on their music content. In others, includ-
ing the Slovenian Folk Song Collection [11], the catego-
rization of the collection is organized according to the ele-
ments, such as lyrics and other textual content.

Considering music material, it can be explored as a gen-
eral outline for music analysis [12], or through specific
music descriptors, such as melodic contour (the melodic
arch shape) [13]. Recent studies have expanded the use of
descriptors to analyze folk songs, incorporating a broader
range of attributes. De la Ossa [14] suggests basic music
descriptors be included, such as scale types, range, sev-
eral levels of rhythmic information, and so on. Canto-

metrics, introduced by Lomax [15, 16], proposed 37 de-
scriptors, (almost) independent from usual Western mu-
sic theory. His idea of representing datasets as a digital
“Global Jukebox” was recently completed. [17–19]. Com-
putational methodologies encourage us to process more
data, including multiple layers of music content, and con-

text as descriptors (music and/or metadata). Serra [20] ex-
posed the presence of musical entities (performer, music,
instrument, etc.) that “are linked by various types of rela-
tionships,” which contribute to the understanding of music
as a whole. Conklin and Neubarth also stressed the im-
portance of non-musical information, such as region and
genre [21], extended Densmore’s and observed (super)area
and (super)type information [22]. These non-musical phe-
nomenons, although limited, were always correlated with
different types of music content (rhythm, melody, pattern,
and antipattern [23]) of folk songs. Although focusing
on musical content, especially on cadences, van Kranen-

474



burg also considers lyric, perceptual information, as well
as other information [24–26].

1.2 Pattern Inference and Matching

Music pattern searching or matching is most commonly
approached from a music analysis perspective [12,27–30],
by addressing music structures, such as melody, harmony,
and rhythm. Previous contributions focused on a single
or a couple of features or the computational representa-
tions and matching of multi-feature music patterns. The
Mongeau-Sankoff algorithm [31] simultaneously explores
multidimensional music features, as it defines the distance
between any two melodies depending on the pitch, tonal
contour and rhythmic structure. The pattern similarity is
ranked by the number of transformations, including con-
solidation and fragmentation.

Other dynamic programming methods for melodic se-
quence alignment were proposed [6, 32, 33], as well as
other methods on the general melodic or pitch-related
queries [33–36]. Some research added the rhythmic [37],
or, especially with multipart music, the harmonic informa-
tion [38]. In another solution, Marsden adapts the hier-

archical or tree structures for representing and comparing
melodies [39]. Lartillot, conversely, matched melodic se-
quence (or motives) by using heterogeneous patterns [30],
whose occurrences can be located through multiple para-
metric dimensions – including contextual ones, such as im-
plied harmony.

1.3 Motivation and Contents

These studies indicate that a melodic pattern is not isolated
from other musical elements, such as a phrase, rhythmic or
harmonic structure, ornamentation, and so on. While most
distinguish between music material and cultural metadata,
we instead split the first into melodic sequence and descrip-

tors (see Table 1). Our objective is that melodic phrase

should never be detached from its context. Hence, we focus
on segmented melodic phrases that never lose their iden-
tifier (connecting them to all supplementary (meta)data),
nor their position within a tune (first, middle, last). This
enables the tune description by phrase position, contours,

labels, and rough harmonic tendencies, and to easily ac-
cess and apply any combination of other (meta)data infor-
mation to the pattern-matching process.

In Section 2 we introduce the corpus as well as our an-
notation methodology on metadata and descriptors, includ-
ing structure, contour, and implied harmony. Section 3 in-
troduces a pattern-matching algorithm that utilizes suffix
arrays (for all melodies) and bit arrays (a selection of de-
scriptors) to return matched results based on melodic con-

tent and controlled descriptor context. Sections 4 and 5
discuss the implementation and the results of examples of
combined melody/descriptor queries, and Section 6 pro-
vides concluding remarks and addresses open perspectives.

2. THE ANNOTATED CORPUS

OF SLOVENIAN FOLK SONGS

2.1 The Corpus

We are expanding the digital world of folk songs ( [17,40–
42] and others) with a limited selection of tunes from the
largest collection of Slovenian folk songs – SLP, Slovenske

ljudske pesmi), which consists of 5 critically edited phys-
ical books, issued between 1970 and 2007 [11, 43–46].
Tunes belong to narrative song genre (Figure 1) or hy-
brids between narrative and lyric genres (resemble narra-
tive form, but much shorter). These are divided into types
(by lyric resemblance) and their variants.

The fifth and last book [11] was edited and issued by the
Slovenian Ethnomusicological Institute (Research Centre
of the Slovenian Academy of Sciences and Arts, consecu-
tively mentioned as GNI), which later digitized (OCR-ed
pdf, musicXML, sib) by Matija Marolt and Matevž Pesek
(FRI, University of Ljubljana). Most tunes are transcrip-
tions of field recordings collected members of the insti-
tute, and external colleagues, such as Franc Kramar (1890–
1959), Josip Dravec (1912–1996), and Stanko Vraz (1810–
1851). Most tunes were collected and/or transcribed be-
tween the 1950s and 1970s. The earliest two (notated) tran-
scriptions date back to 1819 and 1839, while the most re-
cent transcription was completed in 2001. Together, there
are 650 tune variants of 54 types and belong to family
fates and conflicts topic, which represents about 34% of all
Slovenian ballads [11]. Some tunes have one or two, while
the most popular have 100+ variants (Infanticide Bride,
A Widower at His Wife’s Grave, Step-mother and an Or-

phan, and Convicted Infanticide). which mostly belong to
Styria (166), followed by Upper Carniola (133) and Lower
Carniola (99) regions.

Out of those, 418 are transcribed as monophonic,
218 1 as homophonic, and 8 as mixed. About 70%
were performed by a solo female singer. Instrumentally-
accompanied examples are very rare. All tunes were trans-
posed to G (major/minor) by the editors. Recent anno-
tations include special notation symbols indicating devi-
ations, such as slight disparity in pitch (higher/lower), du-
ration (shorter/longer), and more [11].

2.2 Descriptors and Corpus Annotation

Out of the 418 monophonic tunes, 18 were excluded due
to incomplete score information or incompatible encoding.
Our final corpus contains 400 monophonic tune variants
with detailed manual annotations, made by the first au-
thor and reviewed by all contributors. An average tune has
about 9 bars and 30 notes. Phrase boundaries were anno-
tated by curating the output of a simple heuristic relying

1 Some melodies may have been harmonized by the annotator, making
it unclear which singing line represents the original tune. This is common
in transcriptions by Franc Kramar (1890-1959). The opposite can be true
for monophonic transcriptions.
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ID POS LBL CT HS HE

239.A.9.1 F A ↗↘ T T
239.A.9.2 L B →↘ T T

ID POS LBL CT HS HE

244.4.1 F A ↘ D ?(D/T)
244.4.2 M B ↗↘ T T
244.4.3 M A’ ↗↘ ?(T) ?(D)
244.4.4 L B’ ↘ ?(T) T

Figure 1. Tunes from the SLP corpus with structural, contour, and implied harmony annotations. (Top) The Death of

the Bride Before Her Wedding, 9th variant of tune type 239(A), transcribed by GNI in 1960. The first phrase (F), labeled
A has a convex (↗↘) contour, whereas the second phrase has a horizontal-descending (→↘) contour as the first pitch
of B phrase is about at the average compared to consecutive pitches of the phrase. Starting (upbeat) and ending implied
harmonies (HS , HE) can be clearly labeled as a tonic, even though the strong beat on the first full measure is a D pitch.
(Bottom) The Widower at His Wife’s Grave, 44th variant of tune type 252, transcribed by Franc Kramar in 1913. Phrases
A and B are approximately repeated as phrases A’ and B’, with changes in melody, contours, and harmonic functions.
Harmonically, the first phrase starts on a clear dominant but is somewhat ambivalent at the end. The second phrase is the
most stable on a tonic. The rest is slightly more ambivalent between the two degrees again, while, at the very end, the tune
concludes on a tonic. (Right) A few descriptors that are associated with these tunes (see Table 1).

on pauses and punctuation marks, yielding 1502 phrases
(median of 4 per tune, min. 2, max. 8).

Musical descriptors, listed in Table 1, describe either
the full tune or phrases. The descriptors can carry both,
non-musical and musical information.

Tune metadata 4 relies on transcribers’ information, and
the format aligns with the original sources, with some con-
versions made for data analysis convenience [11]. Tune
phrases were annotated with descriptors across the follow-
ing categories:

• Phrase position. This central annotation category es-
tablishes the relationship between other descriptors.
Each phrase is annotated with a sequence number and
position, such as first, middle, or last.

• Structure. Each phrase is assigned a label that de-
scribes the repetition of its melodic material within the
verse. The first label is always A, followed by A, A’,
A+ (similar to B), A(X) (refrain-like A), or B. The
same alphabetical progression is applied to subsequent
phrases. The tunes have an average of 2.82 different la-
bels (1 to 6 with symbols or 4 with letters only) and in-
frequent repetitions (Table 2). Each label appears only
1.34 times on average per tune.

• Implied Harmony. Using Western harmony to describe
folk songs may be biased and controversial, but it is
likely that Slovenian folk tunes and their transcribers
have been exposed to the Western music system to
some extent [47]. Approximate functions of tonic
(T) or dominant (D) were annotated for about 60% of

4 Metadata was collected for all 650 songs, including polyphonic com-
positions.

phrase beginnings and 50% of endings, with ambigu-
ous cases marked as “?”. To evaluate the validity of
individual annotations, the inclusion of scale informa-
tion (the count of distinct pitch classes) is provided.

• Contour. Diverging from only comparing the un-
reliable note-to-note melodic representation of oral
music tradition, we use Huron’s 9 types of melodic
arches [13] (the most frequent being the convex con-
tour ↗↘), where the starting and ending MIDI pitch
value is compared against an average value of all inter-
mediate MIDI pitch values.

3. MATCHING MELODY WITH DESCRIPTORS

3.1 Pitch and Descriptor Representation

Each tune is subdivided into phrases as pitch sequences

with descriptors, which are considered as a set of n

phrases P = {p1, p2, ..., pn}, and m phrase descriptors
∆1, . . . ,∆m. Each descriptor ∆t has a finite set of values
V (∆t). A phrase pi is associated with a descriptor se-

quence di = (d1i , d
2

i , . . . , d
m
i ), where each dti is in V (∆t).

For example, the following options:



















{∆1, . . . ,∆5} = {POS,LBL,CT,HS ,HE}

V (POS) = {F,L,M} V (HE) = {T,D, ?}
V (LBL) = {A,B} V (HE) = {T,D, ?}
V (CT) = {↗↘,→↘,↗, . . .}

can describe phrase 239.9.A.1 (Figure 1) as:

p239.9.A.1 = gbddgdcbag d239.9.A.1 = (F,A,↗↘,T,T).
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Non-musical Metadata

tune ID ▷ Type, variant, other
type title ▷ Title or label
region ▷, ⋆ Region
annotator ▷ Name of the initial collector/transcriber
year ▷, ⋆ Year 2 of initial annotation.
singer ▷, ⋆ Singer sex and ensemble size
lyric ▷, ⋆ First line 3 , first verse, structure

Musical Descriptors

POS ⋆ Phrase position (First, Middle, Last)
NUM ⋆ Phrase number (1, 2, 3, 4, ...)
LBL ⋆ Phrase label (A, B, C, ...)
SYM ⋆ Phrase symbol (A’, A”, A +, ...)
CT_SPEC ⋄ Huron’s contours (↗, ↘, ↗↘, ↘↗,

→, ↗→, ↘→, →↗, →↘)
HS ⋆ Starting harmony (T, D, ?, ...)
HE ⋆ Ending harmony (T, D, ?, ...)
TS ⋄ Time signature (simple duple/triple ...)
SCALE ⋄ Scale (8, 7, 6, ...)

Musical Content

MEL Melodic sequence (example: gbddg)

Table 1. Metadata, musical descriptors, and musical con-
tent. Manual annotations were done for phrase boundaries
and descriptors marked with ⋆, while computed descrip-
tors are marked with ⋄. Descriptors marked with ▷ were
collected by the initial transcribers and/or the GNI. Other
descriptors, such as general contour, tone set, and leading
tone, are also present in the dataset but not discussed here.

3.2 Melody and Descriptor Pattern Matching

The goal of melody-and-descriptor matching is to find
all phrases (associated with their descriptors) matching in
both the given pitch pattern and selected variation of de-

scriptor pattern.

A pitch pattern pp is also a sequences of pitches. It
matches a phrase pi when pp is a factor of pi, matching
note-to-note. This definition currently permits no kind of
deviation. For example, pp = dcb matches p239.9.A.1 =
gbddgdcbag .

A descriptor pattern is dp = (dp1, . . . , dpm) ∈
(V (∆1) ∪ {⋆} × · · · × V (∆m) ∪ {⋆}), where ⋆ is a
“don’t-care” symbol. It determines which descriptors are

NP instances
2 20% (78) AB (60) AA (18)
3 6% (23) ABC (11) ABB (6)
4 65% (261) ABCD (112) ABAB (45)
5 2% (8) – –
6 6% (24) ABCDCD (7) AABABA (5)
8 1% (6) ABCBCBCB (2) –

Table 2. Out of 400 tunes, sorted according to the number
of phrases (NP), the most common structure “ABCD” is
present in 28% of all tunes. Label variants are ignored (A’
is considered as A). There are no tunes with 7 or more than
8 phrases. Unique structures (–) are not reported.

to be checked, and matches a descriptor sequence di =
(d1i , . . . , d

m
i ) if, for every t = 1 . . .m, either dpt = ⋆

or dpt = dti. For instance, the descriptor pattern dp =
(⋆,A,↗↘, ⋆, ⋆) checks if the phrase label matches A,
and contour matches ↗↘, but ignores the phrase position
and harmonic functions. Thus dp matches d239.9.A.1 =
(F,A,↗↘,T,T) but does not match (F,B,↗↘,T,D).

3.3 Algorithm

For this matching problem, we first retrieve phrases and
positions from a suffix array, in linear time, then filter these
matches with bit-wise operators.

Pitch sequence matching with suffix array. Pitch se-
quences of P are concatenated to one sequence, separated
by a symbol, such as SP = p1$p2$ . . . pn$. An index data
structure such as a compressed suffix array is computed
and stored to retrieve all occurrences of a pitch sequence.
When a query is matched at position k in SP , the corre-
sponding phrase pi and its position in pi is retrieved using
a (pre-computed) bit-vector Sp, and functions rank1(x, k)
and select1(x, k) (respect. the number of occurrences of 1
in the prefix of length k of a bit-vector x, and the index
of the k-th 1 in x). The bit-vector Sp = b1 . . . b|Sp| is
defined as bi = 1 if Sp = $, otherwise bi = 0. Hence,
the query occurs in phrase pi at position j (within pi) with
i = rank1(Sp, k), and j = k − select1(Sp, i). Retrieving
the list of phrases and positions of a query, pitch sequence
q of length m is done in time O(m+occ), where occ is the
number of occurrences of q in Sp provided that rank and
select operations are performed in constant time.

Descriptor pattern matching with bitwise operators.

Each descriptor ∆t can be represented by bt bits, with
bt = ⌈log2 |V (∆t)|⌉, and each value v ∈ V (∆t) is
associated to a bit-vector v. Each descriptor sequence
di = (d1i , d

2

i , . . . , d
m
i ) is then stored as a bit-vector di =

d1i . . . d
m
i . A descriptor pattern dp = (dp1, dp2, . . . , dpm)

is associated to two bit-vector masks µ(dp) = µ1 . . . µm

and π(dp) = π1 . . . πm, where
{

µt = πt = 0 . . .0 (bt bits) if dpt = ⋆

µt = 1 . . .1 and πt = dpt otherwise.

Then, a descriptor pattern dp matches one descriptor d if
and only if (d xor π(dp)) and µ(dp) = 0. For example,
if dp = (⋆,A,↗↘, ⋆, ⋆), then

d239.9.1.A = 00 · 0 · 0010 · 01 · 01

µ(dp) = 00 · 1 · 1111 · 00 · 00
π(dp) = 00 · 0 · 0010 · 00 · 00

d239.9.1.A xor π(dp) = 00 · 0 · 0000 · 01 · 01

d239.9.1.A xor π(dp) and µ(dp) = 00 · 0 · 0000 · 00 · 00

Checking whether a descriptor dp matches a descrip-
tor d is done in O(1) time, provided that the bit-vectors fit
in one machine word.
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↗↘ ↘ ↗ ↘↗ ↗→ ↘→

First 24% 16% 30% 15% 6% 1.2%
Middle 36% 21% 15% 8% 10% 1.3%
Last 44% 32% 2% 5% 4% 11%
Total 35% 23% 16% 9% 7% 1.5%

Table 3. We show the most frequent Huron’s contour types
according to phrase position. Regarding general contour
(data not shown), first phrases are mostly ascending (53%),
while middle and last phrases are predominantly descend-
ing (63% and 89% respectively).

4. IMPLEMENTATION AND AVAILIBILITY

The descriptors and the algorithm were implemented in
Python using music21 [48] for music data manipula-
tion, bitarray library for descriptors matching and
a C++ library sdsl-lite [49] (used in Python with
pysdsl library) for melodic matching. From the latter,
we used rank and select methods, and BitVector

and SuffixArrayBitcompressed classes. On a
standard laptop from 2022, building suffix arrays and bit
vectors on 1502 phrases takes less than 0.5 s. A single
suffix array takes 49.4 KB, and bit vectors 1.7 KB. The
longest melody/descriptor queries take about 100 ms. The
annotations and the code are available on a git repository
through open licences (Open Database License, Database
Contents License, GPLv3+) at algomus.fr/data and
algomus.fr/code. We are collaborating with partners
in Slovenia to prepare the release of 400 melodies and ad-
ditional ethnomusicological research.

5. RESULTS AND DISCUSSION

Almost all tunes (84%) in our collection revolve around a
minimum of six distinct pitch classes, indicating the likely
utilization of Western major/minor scales and modes. Ap-
proximately 67% of the tunes fall within the range of a
major sixth (M6) to an octave (P8). Additional statistics
in the annotated corpus examine phrase positions (Sec-
tion 5.1). Specifically, the analysis focuses on the preva-
lent tune subtype 286.T1, annotated for melodic similarity.
Findings from combined melody and descriptor queries are
presented in Section 5.2.

5.1 Descriptors and Phrase Positions

The 400 tunes consist of 1502 phrases, split into first (400),
middle (702), and last (400) positions. The labels, con-
tours, and implied harmonies are strongly influenced by
the phrase positions, as evident from Tables 2, 3, and 4. In
general, phrases are convex or descending (see Table 3),
while the first phrases are mostly ascending or convex,
and less harmonically stable at their ends than beginnings.
Conversely, the last phrase is almost never ascending, and
more harmonically stable at its ends than beginnings. The
middle phrase group is more divided and is more unstable.

T D ?T ?D ?

First HS 25% 54% 9% <1% 12%
HE 22% 27% 15% 7% 29%

Middle HS 16% 36% 14% 6% 28%
HE 21% 16% 18% 6% 40%

End HS 19% 32% 10% 5% 34%

HE 60% <1% 20% None 19%
Total HS 19% 40% 11% 5% 25%

HE 32% 15% 18% 5% 32%

Table 4. Starting (HS) and ending (HE) harmonic func-
tions in relation to phrase positions demonstrate a consis-
tent pattern. Phrases typically initiate on a dominant (D)
and conclude on a tonic (T). However, there is ambiguity
with the functions ?, ?T, and ?D, as they can be interpreted
as either T or D, which arises from the influence of previ-
ous and following pitch values or bars, making the exact
annotation spot unclear.

Figure 2. Two variants (out of 34) of the subtype
286.T1 with similar melodies with short melodic patterns
in coloured squares.

We assume that the contrasting beginnings and endings
of each verse offer pitch orientation for the singers, given
the repetitive structure of narrative songs. The contour re-
lationship between the first, middle, and last phrases sup-
ports the notion that “what goes up is likely to come down,”
as proposed by Huron [13].

5.2 Case Study: Subtype 286.T1, Infanticide Bride

Our dataset includes 103 monophonic variants of the
widely known “Infanticide Bride” theme in European folk
song tradition. Subtype 286.T1 consists of 34 tunes se-
lected for their melodic similarity (Figure 2), which often
exhibit similar patterns, such as the fad as a start middle
phrase pattern or the bag as a last phrase ending pattern.

We have developed combined melody/descriptor
queries to represent certain phrases of subtype 286.T1.
These queries are evaluated as a binary classification
problem: Can we accurately identify the 34 initial phrases
of 286.T1 and distinguish them exclusively from others?

Pattern design and matching. Table 5 demonstrates that
simple melody queries with 1 to 3 notes achieve reasonable
recall rates (50%-80%) but limited precision. Refining the
queries with descriptors improves precision and relevance,
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leading to enhanced F1 measures. The ddb melody query
alone produces 93 matches, but 75 of them are “false pos-
itives” unrelated to the first phrase of 286.T1 tunes. Incor-
porating a phrase position descriptor (F, first) improves the
query, while adding relevant contour (↗) and starting har-
monic information further enhances specificity. This com-
prehensive query results in only 2 false positives, achiev-
ing a precision of up to 0.88, with minimal sensitivity loss.
The ag pattern in the last phrase, characterized by a convex
contour and a harmonic ending, is a noteworthy example.
Given the enhanced harmonic stability typically found in
verse endings, the inclusion of the HST as a stable har-
mony descriptor proves to be effective in this context. In-
cluding too many or irrelevant descriptors leads to poor re-
sults. For instance, the cbb pattern is primarily found at the
end of the middle phrase. However, requiring a stable har-
monic framework (HET) for middle endings reduces preci-
sion, as it is less common in those positions (Table 4). An-
other interesting instance is the fad , occurrences of which
are almost evenly split into two contours. If we matched
(fad , M, ↗↘ or ↗→), we would get 23 true positives and
a precision of 0.82 with a recall of also 0.82. The algorithm
should be extended to accommodate the matching of a sub-
set of multiple descriptors within the same category, rather
than solely relying on one descriptor.

Patterns as building blocks. Melody/descriptor patterns
have versatile applications beyond classification. In our
case, the most effective queries incorporate position de-
scriptors, indicating that we should view phrase building

blocks as patterns. It is noteworthy, that studying the “false
positives” (matches outside of 286.T1) is expected to yield
intriguing results, shedding light on the transmission of
music material among tunes and vice versa. For instance,
the ag pattern in the last phrase, exhibiting a ↗↘ con-
tour and ending with HET, is not only specific to 286.T1
but also appears in 14 tunes of type 252 (A Widower at His

Wife’s Grave). The shared section of the melodic line in the
two tunes has identical descriptors, although its positions
may vary (scores not shown). Comparing outcomes across
multiple corpora would provide insight into the unique mu-
sical characteristics of (Slovenian) folk songs.

5.3 Discussion

Our study explored tune structures and melodic patterns,
finding that combining melodic content with descriptors
provides valuable insights into the characteristics of Slove-
nian folk songs. However, not all descriptors fit univer-
sally to describe all content, and vice versa. In contrast
to the usual transferability of folk song melodies, our case
study indicates that the melody of 286.T1 was not easily
transferable, possibly due to its popularity in multiple re-
gions. Further inter- and intra-corpus research is needed
to investigate this distinctive characteristic. We also show,
that individual melodic extracts alone lack the specificity
required for a comprehensive description of a full phrase
or tune. Strong correlations were found for descriptors

Query (melody + descriptors) TP FP FN Prec. Rec. F1

d None 1 (34) 28 1191 6 0.02 0.82 0.04
d F 28 327 6 0.08 0.82 0.14
d F, HSD 27 189 7 0.12 0.79 0.22
d F, ↗, HSD 21 48 13 0.30 0.62 0.41

ddb None 1 (34) 18 75 16 0.19 0.53 0.28
ddb F 18 32 16 0.36 0.53 0.43
ddb F, HSD 17 21 17 0.45 0.50 0.47
ddb F, ↗, HSD 14 2 20 0.88 0.41 0.56

fad None 3 (33) 24 24 9 0.50 0.73 0.59
fad M 24 14 9 0.63 0.73 0.68

fad M, ↗↘ 11 2 22 0.85 0.33 0.48
fad M, ↗→ 12 3 21 0.80 0.36 0.50
cbb None 3 (33) 25 71 8 0.26 0.76 0.39
cbb M 25 39 8 0.39 0.76 0.52

cbb M, ↗→ 11 3 22 0.79 0.33 0.47
cbb M, HET 1 3 32 0.25 0.03 0.05
ag None 4 (34) 27 481 7 0.05 0.79 0.10
ag L 27 165 7 0.14 0.79 0.24
ag L, ↗↘ 23 54 11 0.30 0.68 0.41
ag L, ↗↘, HET 23 51 11 0.31 0.68 0.43

Table 5. Evaluation of melody/descriptor queries seen as
classification queries intended to match phrases 1, 3, and 4
of the melodic tune subtype 286.1 (34 first and last phrases,
33 third phrases) against all 1502 phrases of the dataset.
We computed True Positives (TP), False Positives (FP),
False Negatives (FN), and from those, precision, recall,
and F1-score. Bold values are discussed in the text.

like contour. Expanding the dataset is needed to com-
prehensively explore the relationship between lyrics and
melodies, including the observed descending shape in the
last phrase, potentially reflecting or corresponding with
speech characteristics [50, 51].

6. CONCLUSION AND PERSPECTIVES

By integrating descriptor information into melodies, we
gain a deeper understanding of the observed music. Our
findings indicate a strong dependency of many descrip-
tors on phrase positions, and that combining melody and
descriptors enhances precision compared to using melody
alone. Our algorithm efficiently matches melodies and de-
scriptors, which can be extended beyond our proposed se-
lection. Lastly, we released annotations of Slovenian folk
songs, a yet underrepresented corpus in the MIR commu-
nity.

Our current plans primarily involve releasing the corpus
of these tunes, accompanied by comprehensive ethnomu-
sicological commentary. In addition, future work should
prioritize improving the algorithm’s usability for non-
computational users, expanding the existing annotations
of descriptors, and implementing the capability to perform
combined query searches with approximate matching for
melodies and descriptors. Our study (and corpus) may be
used as supporting data for new algorithms of phrase seg-
mentation, tune structure analysis, and harmony tasks in-
cluding semi-automatic annotation.
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