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ABSTRACT

In this paper, we introduce a computational analysis of
the field recording dataset of approximately 700 hours of
Korean folk songs, which were recorded around 1980-
90s. Because most of the songs were sung by non-expert
musicians without accompaniment, the dataset provides
several challenges. To address this challenge, we utilized
self-supervised learning with convolutional neural network
based on pitch contour, then analyzed how the musical
concept of tori, a classification system defined by a specific
scale, ornamental notes, and an idiomatic melodic contour,
is captured by the model. The experimental result shows
that our approach can better capture the characteristics of
tori compared to traditional pitch histograms. Using our
approaches, we have examined how musical discussions
proposed in existing academia manifest in the actual field
recordings of Korean folk songs.

1. INTRODUCTION

Folk songs are considered as a musical language. Not only
that, but they are also regarded as the root of all traditional
music. Folk songs are potent embodiments of a region’s
cultural and linguistic characteristics, serving as a founda-
tion for all artistic and musical developments since their in-
ception. It is believed that research for folk music can pro-
vide new inspiration for existing art music research, and
facilitate an interdisciplinary approach that encompasses
both music and other fields.

In Korean musicology, there have been ongoing discus-
sions aimed at identifying regional characteristics in folk
music. Through numerous debates, fori is used as the most
representative theory in many studies. Even though the use
of tori as a term to describe the musical characteristics of
Korean folk music is widespread and its utility is well ac-
knowledged, the existing tori classification methods were
unable to fully explain the features of the actual music.
Various scholars have defined the different tori according
to musical characteristics such as scales (intervals between
notes), primary notes, ornamentation, ending note and id-

© D. Han, R. Caro Repetto, and D. Jeong. Licensed under

a Creative Commons Attribution 4.0 International License (CC BY 4.0).
Attribution: D. Han, R. Caro Repetto, and D. Jeong, “Finding Tori:
Self-supervised Learning for Analyzing Korean Folk Song”, in Proc. of
the 24th Int. Society for Music Information Retrieval Conf., Milan, Italy,
2023.

440

iomatic melodic patterns in folk songs, leading to a refine-
ment process for the classification of tori. So far, there are
still ongoing opinions, controversies, and discussions con-
cerning the existing tori [1,2].

In order to conduct valuable discussions on analyz-
ing folk songs, the relationships within the audio must
be examined and systematically shared. However, check-
ing numerous audio files individually is extremely time-
consuming and difficult, so previous research has focused
on analyzing small amounts of audio. The most com-
mon method used by musicologists has been transcription,
which involves listening to the music and notating it in a
specific music notation system. However, the task of tran-
scribing orally transmitted music into a music notation sys-
tem has inherent limitations [3], such as quantizing the
pitch and rhythmic features of folk songs.

For these reasons, there have been several research on
analyzing folk music empowered with methods derived
from music information retrieval (MIR) on audio record-
ing. For example, Indian raga music has been analyzed
based on first-order pitch distrubutions [4], and for tradi-
tional three-part Georgian singing, FO-based tonal analy-
sis [5] or development of tuning systems [6] has been intro-
duced. [7] also presented analysis using audio-signal pro-
cessing on Flamenco and Arab-Andalusian vocal music.

In this paper, we take a computational approach to an-
alyze a vast corpus of Korean folk songs, utilizing deep-
learning-based methodologies. Our primary aim is to in-
vestigate the connection between conventional musicolog-
ical classifications of Korean folk songs, tori, and the ac-
tual field recordings. Through a comparison of our ana-
Iytical results with established musicological frameworks,
our objective is to offer insights on identifying meaningful
clustering or distinguishable features among Korean folk
songs. We also share our code and metadata that contains
links to original audio with our manual tori labels for 218
songs ! .

2. KOREAN FOLK SONGS AND TORI
2.1 Dataset

The “Anthology of Korean Traditional Folksongs” is an
audio collection consisting solely of traditional Korean
folk songs [8]. As part of a cultural project conducted
by Munhwa Broadcasting Corporation (MBC) from 1989

Uhttps://github.com/danbinaerinHan/finding-tori
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to 1995, the folk song collection was compiled under
the direction of Sang-il Choi. The available audio con-
tains 15,861 songs, with approximately 700 hours in total
length.

The audio was field-recorded across 153 city/county
and 1,010 villages in South Korea. The metadata accom-
panying the recordings includes title, machine-readable
lyrics, regions, recording dates, and the singer’s name and
age. The region represents the administrative districts of
South Korea at the time of recording, which consists of
nine categories in total. Due to its extensive audio corpus
and detailed accompanying metadata, this dataset has be-
come a crucial resource for research on Korean folk mu-
sic within the domestic academic community [9—11]. We
obtained the audio material through crawling the origi-
nal website, > which has been hosted by MBC since April
2022, where every audio and metadata is openly published.
We received official approval for using these data for re-
search purposes from MBC.

2.2 Tori

Tori was proposed by a Korean musicologist named Bo-
hyeong Lee in the early 1980s to explain the musical char-
acteristics of regional folk songs [12, 13]. Prior to the de-
velopment of tori theory, Korean music academia used
the terms jo and cheong to explain the musical features
of folk songs, based on the tonal center and intervals be-
tween notes [14]. However, Bo-hyeong Lee argued that jo
and cheong are insufficient in capturing the unique mu-
sical characteristics of Korean folk music. Therefore, he
proposed the tori classification system as an alternative ap-
proach, which covers primary notes, ornamentation, end-
ing note and idiomatic melodic patterns.

The most widely-used tori classification method divides
songs into four categories. We encourage readers to refer
Figure 3, which presents scale of three tori with staff nota-
tion. The pitch name in this section is used as an conven-
tional representation, not absolute pitches. Gyung-tori uti-
lizes five notes and is mainly sung in the capital region. It
often uses a gentle vibrato overall and finessed ornamental
melody. Menari-tori is widely distributed throughout the
eastern regions and the entire Korean Peninsula. When the
melody ascends, it leaps through notes, while during the
descending melody, it comes down through passing notes.
Yukjabaegi-tori is commonly found in the southern re-
gions of the Korean Peninsula. It is characterized by a thick
and vibrant vibrato in G note and passing briefly through
Eb in a descending melody from Eb to D. Sushimga-tori
commonly appears in the northwestern region of the Ko-
rean Peninsula, characterized by its unique vibrato inflect-
ing upward.

2.3 Tori annotation

As the dataset did not include any tori labels, one of the au-
thors, who has over 10 years of experience in Korean tradi-
tional music, selected a subset of 218 high-quality record-

2 http:/furisori.co.kr/urisori-en/doku.php/
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Figure 1. Example of pitch contour from the dataset ex-
tracted by CREPE. FO value under confidence of 0.8 was
masked out

ings and manually annotated them in terms of tori classifi-
cation.

To create this tori-subset, we focused on identifying
clear musical characteristics present in the tori classifi-
cation method, such as pitch scale, ornamentation, and
idiomatic melodies, rather than considering the audio’s
recorded region. We found that there are not many in-
stances of sushimga-tori in the audio dataset, as the dataset
predominantly consists of folk songs from the central and
southern regions of the Korean Peninsula. Also, we ob-
served that songs belonging to menari-tori appeared not
only in the eastern region but also nationwide. In conclu-
sion, we mainly focused on the remaining three types of
tori, gyung-tori, yukjabaegi-tori, and menari-tori. Finally,
audio recordings that were closer to speech or chanting
(non-musical) and did not exclusively belong to any other
subdivided tori types were labeled as ‘others’. We have la-
beled totally 218 songs: 65 gyung, 73 menari, 49 yukja,
and 31 others.

3. METHODOLOGY

In this study, we take an approach of representing the mu-
sical characteristics of a given folk song using a high-
dimensional single vector, which can also be called an em-
bedding of the song. If this embedding accurately repre-
sents the musical characteristics of tori, it can be utilized
for various purposes including tori classification, song sim-
ilarity searches and clustering songs in the corpus based on
tori similarity.

Even though the dataset is provided with audio record-
ings, we focus on the contour of fundamental frequency
(FO) rather than using audio directly. By doing so, our em-
bedding could better capture the melodic features of the
songs rather than timbral characterstics such as the dialect
of the singer. To extract the FO contour from each audio
recording, we utilized CREPE [15], a widely-used CNN-
based model. It extracts FO value for every 10 ms as well
as confidence score ranging from O to 1. Figure 1 illustrates
an example of an extracted pitch contour.

3.1 Pitch Histogram

Since the characteristics of a musical system can be largely
studied from the pitch distribution of its melodies, there



Proceedings of the 24th ISMIR Conference, Milan, Italy, November 5-9, 2023

has been numerous research using pitch histograms to an-
alyze traditional musics from different culture, such as for
Indian Carnatic music [16], Turkish Makam [17], Arab-
Andalusian music [18], or Iranian dastgahi music [19].
Therefore, we applied a similar approach to Korean folk
music.

One of the important features one has to know to exploit
pitch histogram is the tonic of the song so that one can
normalize the pitch histograms of each song into relative
pitch, rather than directly using absolute pitch value. Dur-
ing our preliminary experiment, we found that the tonic of
each recording in the dataset is usually the most frequently
appearing pitch in the song. Therefore, we determined the
tonic by counting the number of appearances of each pitch
in terms of time frames, utilizing a 100 cents range to count
pitch (i.e. MIDI pitch 60.49 and 59.51 are counted as the
same pitch). As the center pitch may differ from the typ-
ical 440 Hz tuning, we identified the best matching pitch
by adjusting the pitch center by increments of 10 cents and
selecting the pitch that showed the maximum pitch count.

3.2 CNN contour encoder

While the pitch histogram can offer a comprehensible rep-
resentation of each song, it cannot fully capture the con-
cept of tori as it does not consider the relationship between
each note in the scale. Additionally, because most of the
recordings were sung by non-professional singers without
instrumental accompaniment, the intervals of singing and
tonic frequency has signifcant amount of noise. Therefore,
we employ a convolutional neural network (CNN) to learn
the representation of a given pitch contour. This approach
allows us to better capture the underlying musical charac-
teristics of each song in relation to tori classification.

The problem is setting the training objective of the CNN
model. One option is to train the model in a supervised
manner, as typically done in other MIR tasks, such as clas-
sification tasks with an annotated dataset. In our dataset,
region labels, which represents the administrative region
where the recording took place, can be used for training
labels. It can be regarded as a reasonable approach con-
sidering that tori has strong correlation with the regional
characteristics of each folk song. However, we discovered
several different types of tori in a single recorded region,
which would make it difficult to learn distinguishable mu-
sical characteristics only using the region label.

To address this issue, we propose to adopt a self-
supervised representation learning, so that we can obtain
a representation of given pitch contour that is consistent
within a song without extra annotated labels as shown in
Fig. 2. This approach of exploiting intra-song similarity
has been widely used for music audio representation learn-
ing [20,21]. We use triplet loss with hinge margin as Equa-
tion 1,

L = max(0, m — Sim(v,, vp) + Sim(vg,vy,)) (1)

where m denotes hinge margin, Sim(v,, v, ) represents
cosine similarity between anchor vector v, and positive
vector v, or negative vector vy,.
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Figure 2. Self-supervised learning with triplet loss using
cosine similarity, with four layers of convolutional neural
network

As presented in Fig. 2, the model consists of 4 layers
of 1D convolution layer, each with a kernel size of three
and channel size of 64, 128, 256, and 256, respectively,
each followed by batch normalization layer. We used a max
pooling layer between each convolutional layer with size 5
for the first layer and 4 for the second and third layers.
On top of the convolutional stack, we used context atten-
tion to summarize the arbitrary length of vectors, which
was initially proposed in hierarchical document classifica-
tion [22], with a slight modification of multi-head atten-
tion weight [23] instead of single-head. Context attention
is a type of attention mechanism that uses an independent
learnable parameter named context vector as a query while
using the input vectors as key and value. The final embed-
ding size of the model was 256.

The input is a pitch contour in the shape of T' x 2,
where 7' denotes the number of time step of pitch contour.
Throughout the experiment, we used the frame rate of 20
Hz, which means that 30 seconds of pitch contour is con-
verted to 600 time steps. During the training, we randomly
slice the contour to have 30 seconds length, while using the
entire contour in the test or visualization. Two channels are
tonic-normalized MIDI pitch and confidence of the FO es-
timation at that time frame. Since the automatic FO estima-
tion includes noise, especially in the unsung silent part, we
masked the estimated pitch value to zero if the confidence
is lower than 0.8.

4. EXPERIMENTS
4.1 Evaluation Design

In the experiments, we explored the quantitative rela-
tion between tori and different embedding schemes to see
which type of embedding can explain the concept of tori
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better. To evaluate the correlation between tori and the
given embedding scheme, we exploit our tori-labeled sub-
set with two metrics.

The first metric is the ranking of cosine similarity. If the
embedding shares important characteristics with the con-
cept of tori, we can expect that songs with high cosine
similarity in the given embedding space share the same
tori with the query song. Therefore, we calculated the co-
sine similarity between each song in the tori-subset, and
obtained normalized discounted cumulative gain (nDCG),
which is a frequently used metric to evaluate the quality of
search results. If all the other n songs with the same tori are
ranked within n-th order in the similarity, nDCG becomes
one.

The second metric is the tori classification accuracy us-
ing a random forest classifier. If the embedding includes
essential characteristics that define tori, one can expect that
it can be exploited to classify the tori for a given song.
Among many options, we used a simple random forest
classifier. The random forest classifier with 100 trees was
trained with 75% of the tori-set and tested with the re-
maining 25%. For each embedding scheme, we repeated
the procedure 30 times with different train/test split and
reported mean and deviation of accuracy to ensure that the
results were not dependent on the specific dataset split.

4.2 Training

While a pitch histogram can be obtained from a given
song without additional training data, CNN models require
training procedures. We employ FO contour extracted from
the “Anthology of Korean Traditional Folksongs” to train
our model.

Some of the songs in the dataset were recorded with
multiple singers or percussion accompaniment. Because
these can degrade the performance of FO estimation, we
excluded them while training the CNN model. Instead of
manually filtering the dataset, we used a CNN-based sound
event detection model [24] to calculate the activation of
‘choir’ and ‘percussion,” which are included among the
model’s event vocabulary. We filtered the song by the max-
imum activation value exceeding a certain threshold, which
was manually decided by observing the activation distribu-
tion across the dataset.

The CNN model was trained for 25,000 updates. For the
self-supervised learning using triplet loss, we used eight
negative samples with one positive sample, and hinge loss
using a margin of 0.4. For the region-supervised training,
we use cross-entropy loss with class weight to address the
class imbalance issue. The architecture of the CNN re-
mained the same, but we added a fully connected layer to
project the embedding to logits for nine different region
categories. We used the Adam optimizer with an initial
learning rate of 0.001 and batch size of 128. The entire
training process was conducted on a single RTX A5000,
which took approximately 10 minutes to complete 25,000
updates. We validated the model’s training procedure and
hyperparameters using a specific split of the tori-subset and
chose the simplest setting to avoid overfitting the hyperpa-

Similarity Ranking | Random Forest Classifier
Embedding nDCG Accuracy
Hist. (25 bin) 0.783 0.744 £0.058
Hist. (124 bin) 0.777 0.722 £0.054
CNN (region ) 0.792 0.634 +0.055
CNN (SSL) 0.853 0.848 +0.039

Table 1. Experiment results on the tori subset. Hist. de-
notes normalized pitch histogram, specified with the num-
ber of bins to cover two-octave range. region and SSL de-
notes the region-supervised and self-supervised learning.

rameters to the small subset.

4.3 Results

The evaluation result of each embedding scheme is pre-
sented in Table 1. As tori is closely related to the use of
pitch, the pitch histogram showed about 74 % accuracy
when combined with a random forest classifier, and 0.783
or 0.777 nDCG in the similar song search. The result shows
that increasing the resolution of the histogram does not
achieve better performance. The performance of CNN em-
beddings trained with region classification was worse than
the pitch histogram in classification accuracy. However,
the CNN embedding trained with self-supervised learning
showed the best nDCG and classification accuracy, even
though both CNN shares the same architecture except the
final projection layer.

The performance gain compared to the pitch histogram
can be caused by the fact the concept of tori includes not
only the pitch scale the song uses but also ornamentation
and idiomatic phrases it, which can be easily captured by
contour CNN.

The result also shows that the region label did not help
to learn tori-related characteristics. Even though the con-
cept of tori is strongly related to each region, folk songs
were widely spread nationwide at the time of the record-
ing, which made it difficult to learn coherent musical char-
acteristics from the region label.

It is also worth noting that self-supervised learning did
not use any other musical knowledge that is related to tori,
except that it was trained to extract constant embedding
throughout a given song regardless of the segment position.
From a machine learning point of view, the model has to
extract an embedding that can explain the entire song or
distinguish it from other songs from a given fragment. The
high correlation between the trained embedding and tori
labels shown in the evaluation implies that the concept of
tori is clearly related to the distinguishable characteristics
of each Korean folk song.

5. ANALYSIS AND DISCUSSION

In this section, we introduce interesting musicological
findings that we have found from the pitch histogram and
embedding learned from self-supervised training.
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Figure 3. Average pitch histogram of each tori obtained from the tori-subset and corresponding scale description.

5.1 Pitch Histogram Analysis

To explain the scale and characteristics alongside with
pitch histogram of each tori, we present the staff notation
of each tori in Figure 3 based on various studies describing
tori [2, 25, 26]. In the score, the cheong (a main note that
generally appears most frequently) was fixed as the C5.
The unfilled notes are primary tones, and the filled notes
are passing tones. In cases where there is a vibrato mark
below the note, it is called yoseong, meaning the pitch gen-
erally oscillates up and down. In addition, the arrow on the
left side of the note indicates that the pitch is slightly raised
or lowered compared to the equal-tempered pitch. The slur
mark flowing down to the right of the note represents fwoe-
seong, which means the pitch slides down.

While menari-tori and yukjabaegi-tori remain within a
perfect fifth range from the center, in gyung-tori, there is a
larger proportion of high notes (G5-AS5) or more from the
center. This indicates that the distribution of notes from
low to high in gyung-tori is evenly spread. This could be
due to the fact that folk songs of gyung-tori are more com-
monly found in popular folk songs than in those that ap-
pear nationwide. Perfect 4th below the center tone is com-
mon in all Korean music. However for example in gyung-
tori, there is vibrato in the G4 note, and the A4 note has
a low pitch, resulting in a distinct distribution in that part.
In menari-tori, it can be observed that the Bb4 note is used
as a passing tone between C5 and G4. Yukjabaegi-tori is
characterized by a vibrant vibrato in the G4, resulting in a
gentle distribution in the nearby pitch than other tori.

Whether a major third or a minor third is used in the
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scale is an important factor in distinguishing the regional
musical characteristics of the eastern and western parts
of the Korean Peninsula in the traditional method. Subtle
pitch differences can be observed in all three tori. In gyung-
tori, the D5 note is clearly distributed lower and the ES
note is definitely higher than the line appearing the equal-
tempered tune. In yukjabaegi-tori, it is also confirmed that
the Eb note is slightly higher than the minor third note’s

Through the above analysis, we found that pitch his-
tograms can be utilized to roughly identify musical char-
acteristics, such as the range, interval from tones and sub-
tle pitches, etc. However, we also acknowledged that this
approach solely exhibits the constituent pitches and their
frequencies, without accounting for other aspects like uses
of melody and ornamentation and more.

5.2 UMAP visualization

We visualized the embeddings learned through self-
supervised learning in 2D using UMAP, a dimension re-
duction technique that is frequently used for visualization
of high-dimensional vectors in Figure 4. In the first figure,
we demonstrated the distribution of four different tori la-
bels. In addition, by examining the metadata information
of the embeddings, we figured out several interesting top-
ics from this visualization. We also implemented a web
demo using this visualization where one can directly ac-
cess the corresponding audio recording > .

Menari-tori has a much wider distribution area and en-

3 https://danbinaerinhan.github.io/korean-folksong-visualization/
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Figure 4. UMAP visualization of folk song embeddings obtained from our self-supervised-trained CNN model. Note that

no tori label was used to train the model.

compasses a broader musical range. In Figure 4 (A), the
menari-tori distribution can be seen to be wider com-
pared to the other tori. We mentioned that several subdi-
vided tori of it have been identified by scholars. Among
them, eosayong-tori is a representative example of refin-
ing the musical characteristics of eastern folk songs [11].
Eosayong-tori, a lamenting song sung by lumberjacks, was
suggested to have distinct musical characteristics com-
pared to menari-tori. For instance, in eosayong-tori, the
lowest pitch is a semitone higher, and it concludes on the
lowest pitch of the scale instead of the final pitch and the
middle pitch found in menari-tori. We examined embed-
dings corresponding to eosayong-tori in the metadata’s title
information, and they were clearly gathered in a different
space than the area annotated as menari-tori, as presented
in Figure 4 (B).

Similar results can be observed in the following cases
with arari. Arirang, having repetitive refrain lyrics such as
“arirang” or “arari”, is the most representative Korean folk
song, with countless versions appearing in various regions.
Among them, arari, another name for Jeongseon arirang,
was sung primarily in Gangwon province before spreading
nationwide in the 1930s [27,28]. Arari is also regarded as a
separated tori from menari-tori for some researchers [29],
with its own slower tempo, monotonous skeleton tones,
and the use of decorative tones. In Figure 4 (C), we can
see the clustering of entities with the title arari extracted
from the metadata.

Another interesting example is songs from Jeju. Folk
songs sung from Jeju island, which is the largest island in
Korea, have fewer research results compared to other re-
gions. In Jeju folk songs, the interval between the pitches
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is narrower compared to other provinces’. Due to these rea-
sons, the traditional method of transcribing into staff nota-
tion was unsuitable for capturing the characteristics of Jeju
music [30-32]. However, using our embeddings, we can
identify three clusters as in Figure 4 (D). It implies the po-
tential usefulness of our approach to uncover the unique
characteristics of folk songs in Jeju Island.

We also checked the UMAP of the pitch histograms but
could not find clear clustering as in the presented examples.

6. CONCLUSIONS

In this paper, we have presented our computational ap-
proach to obtaining a high-dimensional embedding vector
for a given pitch contour, which allows us to analyze a vast
amount of Korean folk songs. Using these embeddings and
a manually labeled subset, we have examined how musical
discussions proposed in existing academia are manifested
in our dataset. As our results cover various music charac-
teristics, the learned embeddings can be utilized as a mon-
itoring aid when dealing with numerous undefined data to
review and find the tori. Also, we have discussed the meth-
ods and possibilities for utilizing and interpreting exper-
imental results in the future research. Through this mate-
rial, we can review and refine our understanding of the con-
cept of the tori, and provide easily accessible resources and
utilize them as appropriate evidence. Furthermore, there is
potential to clarify the musical characteristics of regions
that are distinct from other regions, like Jeju, about which
existing research has not been as active. Ultimately, we ex-
pect this research to be valuable in illuminating the rela-
tionships and transformations of folk songs over time.
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