
 

Contents lists available at ScienceDirect

Neurocomputing

journal homepage: www.elsevier.com/locate/neucom  

Symbolic music structure analysis with graph representations and 

changepoint detection methods

Carlos Hernandez-Olivan 

∗ iD, Jose R. Beltran

Department of Electronics and Telecomunications, University of Zaragoza, Zaragoza, 50010, Spain

A R T I C L E  I N F O

Communicated by C. Chen

Keywords:

Music information retrieval 

Music structure analysis 

Graph 

Symbolic music 

Signal processing 

Machine learning

A B S T R A C T

Music Structure Analysis (MSA), particularly symbolic music boundary detection, is crucial for understanding 

and creating music, yet segmenting music structure at various hierarchical levels remains an open challenge. In 

this work, we propose three methods for symbolic music boundary detection: Norm, an adapted feature-based 

approach, and two novel graph-based algorithms, G-PELT and G-Window. Our graph representations offer a pow­ 

erful way to encode symbolic music, enabling effective structure analysis without explicit feature extraction. We 

conducted an extensive ablation study using three public datasets, Schubert Winterreise (SWD), Beethoven Piano 

Sonatas (BPS) and Essen Folk Dataset, which feature diverse musical forms and instrumentation. This allowed us 

to compare the methods, optimize their parameters for different music styles, and evaluate performance across 

low, mid, and high structural levels. Our findings demonstrate that our graph-based approaches are highly ef­ 

fective; for instance, the online and unsupervised G-PELT method achieved an F1-score of 0.5640 with a 1-bar 

tolerance on the SWD dataset. We further illustrate how algorithm parameters can be adjusted to target specific 

structural granularities. To promote reproducibility and usability, we have integrated the best-performing meth­ 

ods and their optimal parameters for each structural level into musicaiz, an open-source Python package. We 

anticipate these methods will benefit various Music Information Retrieval (MIR) tasks, including structure-aware 

music generation, classification, and key change detection.

1 . Introduction

Music Structure (or form) Analysis (MSA) is a field of Music 

Information Retrieval (MIR) consisting of predicting the structure or 

form of music pieces. Music structure is a musical principle [15] that is 

closely related to other musical principles like harmony. Music presents 

a hierarchical structure in which sections are ordered in a coherent way. 

Such sections contain different rhythmic patterns and harmonic progres­ 

sions that express different ideas. However, in Western classical music 

such sections can be connected among themselves with the so-called 

cadences or bridges. From the perspective of music cognition, there 

are different ways of understanding the hierarchical structure in mu­ 

sic: grouping structure, metrical structure, reduction in time-span and 

prolongational [26].

In terms of computational approaches to MSA, there are different 

subtasks that have been previously studied, such as melodic segmentation, 

molecular discovery, and structural segmentation [28]. Structural segmen­ 

tation can also be divided into two smaller tasks: boundary detection

which aims to segment a piece by its structural boundaries, and seg­ 

ment labeling which aims to label or name the sections of a piece. In 

this paper, we focus specifically on the task of boundary detection, as 

it is the first and fundamental step in analyzing the form of a music 

piece. Accurate boundary detection is critical for downstream tasks like 

structural labeling, music generation, and performance analysis.

Music boundary detection (MBD) has been studied from two differ­ 

ent perspectives according to the nature of the input music: the symbolic 

domain and the audio domain. Whereas the symbolic domain refers to 

the music data that contain the basic information about the notes or 

instruments (MIDI or MusicXML files), the audio domain refers to the 

digital musical signal and transformations that can be computed from 

it. While MBD in the audio domain often involves complex signal pro­ 

cessing to infer high-level musical features, this makes the task harder 

in the audio domain, since there is no high-level musical information in 

the digitized music signal.

In the symbolic domain, MBD has been studied for decades [28], spe­ 

cially regarding monophonic melodic segmentation [2,25,36]. However, 
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fewer methods exist for online, unsupervised symbolic music structure 

analysis across multiple instruments and hierarchical levels.

MBD presents the following challenges:

• Music genres or styles, and also pieces of the same genre, have 

different forms or structures, making universal models difficult. 

Consequently, the number and duration of sections are unknown 

a priori, often leading to imbalanced data in supervised learning 

contexts.

• Boundaries represent a small percentage of the data compared to the 

total number of notes or events in a piece. This sparsity, combined 

with variable content, complicates the training of data-driven models 

for precise boundary identification.

• Music often exhibits a hierarchical structure with different levels, 

e.g., in Western classical music form we can find the following 

levels: high structure (sections), mid structure (themes or musical 

phrases) and low structure (motifs). However, not all music can be di­ 

vided into those levels, especially in non-Western classical traditions. 

Capturing this multi-level segmentation remains a challenge.

• There are only a few datasets in MIR of symbolic music that contain 

structure annotations, limiting large-scale evaluation and supervised 

training.

MBD not only covers the task of music analysis, but it can also be 

used in music generation systems to reinforce such models in generating 

coherent music [15,47].

In this paper, we propose and compare two distinct methods for 

online and unsupervised symbolic music boundary detection. These 

methods predict segment boundaries without requiring prior informa­ 

tion such as the number of boundaries, time signature, or specific 

features beyond note onset, offset, and pitch. We validate our methods 

using two public multi-instrument datasets with different structures and 

music genres, providing an extensive ablation study.

1.1 . Contributions

The main contributions of this work are:

• Two novel, fast, and online graph-based methods (G-PELT and 

G-Window) for symbolic music structure analysis, which utilize 

graph representations to capture musical relationships from tempo­ 

ral information without explicit feature extraction (Fig. 1). To our 

knowledge, this is the first online method to perform Music Structure 

Segmentation for multi-instrument polyphonic music, and the first to 

explicitly segment symbolic music by hierarchical structure levels.

• A comparison of the performance of our methods with three dif­

ferent public datasets that contain various forms and instruments. 

Both datasets include polyphonic multi-instrument music. The abla­ 

tion study involves the evaluation across three structure levels: low, 

mid and high.

The algorithms presented in this paper are integrated into musicaiz 

package to improve reproducibility. 

1

1.2 . Paper organization

This paper is organized as follows: in Section 2 we discuss previous 

work done in MBD, in Section 3 we describe the proposed methods, in 

Section 4 we compare them, in Section 5 we evaluate our methods on 

two public datasets, in Section 6 we discuss the results and in Section 7 

we provide conclusions and future work that could benefit from our 

research.

2 . Related work

MBD has been a long-standing research area within MIR, with studies 

spanning several decades. MBD can be categorized by the domain of 

1 https://github.com/carlosholivan/symbolic-music-structure-analysis

Fig. 1. Our proposed method for symbolic music segmentation.

the input music (audio and symbolic) and by the specific subtask being 

addressed (e.g., boundary detection, segment labeling, or hierarchical 

segmentation).

2.1 . Audio music boundary detection

In the audio domain, MBD typically relies on extracting features 

from the raw audio signal that capture musical similarity and novelty. 

Common features include Mel-frequency Cepstral Coefficients (MFCCs), 

chroma features, or beat-synchronous features, which are then used 

to construct Self-Similarity Matrices (SSMs). Pioneering works include 

those by Foote [9] who introduced novelty curves for segmentation. 

Also, 𝑙 1 

-graph representations of audio features have been proposed 

for MBD [33]. 𝑙 1 

-graphs are a type of graph in which the edges be­ 

tween nodes are weighted based on the absolute difference between the 

values of their corresponding features. More recent approaches have 

leveraged deep learning, employing Convolutional Neural Networks 

(CNNs) or Recurrent Neural Networks (RNNs) to learn hierarchical 

features for segmentation directly from spectrograms [17]. While pre­ 

senting a strong performance, methods from the audio domain often 

tackle different challenges related to signal processing and percep­ 

tual feature extraction, which are not directly applicable to symbolic 

data.

2.2 . Symbolic music boundary detection

Symbolic MBD operates on discrete representations of music, such 

as MIDI, MusicXML, or custom text-based formats, which explicitly en­ 

code musical events like notes, rests, and durations. This domain allows 

for the direct analysis of musical parameters like pitch, rhythm, and 

harmony without the complexities of acoustic signal variations.

MBD in symbolic music has been studied for decades [28]. Most of 

the works in symbolic music focused on for monophonic melodic seg­ 

mentation [2,25,36]. These methods can be applied to annotate large 

corpus of data such as the SIATEC and COSIATEC algorithms [29]. The 

vast majority of these feature-based methods use rule-based systems or 

need to extract features such as the Inter Onset Intervals (IOIs, Eq. (1)) 

from the symbolic data to find a structural description of the music [27]. 

Examples of this are the Local Boundary Detection Model (LBDM) [3] 

which uses the IOIs, pitches and rests to segment music phrases, or the 

Grouper Program [42] which uses the Offset to Offset Intervals (OOI) in 

addition to the IOIs. Extensions of these methods use variations of these 

features to perform the same task. Among these approaches we can find 

△IOI [5] which consists of computing the difference between an IOI and 

the previous IOI, Meter Finder [43] and △IOI OR Meter Finder OR Pause 

[5]. These approaches were tested and their weights were optimized 

on monophonic melodies of the Essen Folk dataset [39]. Similarly, the 

Pattern Boundary Detection Model (PAT) [4] uses symbolic features to 

perform phrase segmentation. Adaptive melodic segmentation in MIDI 

files have also been proposed [46]. Rule mining techniques [23] and 

pseudo-supervised methods [24] are other techniques to perform the 
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melody segmentation task. For this purpose, there are annotated cor­ 

pus [37] like TAVERN [7]. The dataset contains 27 sets of themes and 

variations for piano by Mozart and Beethoven.

Focusing on higher level structures, computational analysis tech­ 

niques of different musical forms have been proposed. From J. S. Bach 

fugues [10] to the Sonata form structure that has been studied in W. 

A. Mozart string quartets [1]. The techniques used in these works are 

mostly feature-based with harmonic and rhythmic features such as the 

rhythm break or the triple hammer blow.

2.3 . Symbolic music as graphs

Graph representations offer a more holistic approach by capturing 

not only individual musical events but also their relationships in a flexi­ 

ble and expressive manner. From a theoretical perspective, music is not 

only a sequence of temporally ordered events but a network of inter­ 

dependent relationships—temporal, harmonic, and motivic that unfold 

across multiple structural levels. Traditional feature-based or sequence-

based models implicitly assume temporal continuity, where structure 

arises primarily from the succession of adjacent events. In contrast, 

a graph formulation assumes relational connectivity, where structural 

meaning emerges from patterns of interaction among events, regardless 

of their immediate temporal proximity. Formally, a graph 𝐺(𝑉 , 𝐸) can be 

defined as a collection of points that have different types of connections. 

The points are called nodes 𝑉  and the connections between the nodes 

are the edges 𝐸. Graph representations are becoming popular in appli­ 

cations such as protein discovery [19] and simulating complex physics 

[38]. In symbolic music, graph representations have been proposed for 

diverse purposes concerning structural analysis or music classification 

[30]. 

The theoretical advantage of using graphs for Music Boundary 

Detection (MBD) lies in their ability to represent non-local dependencies 

and multidimensional relations. For example, harmonic closure, motivic 

recurrence, or contrapuntal overlap often connect events that are distant 

in time but structurally related—relations that sequence-based models 

struggle to encode. Jeong et al. [18] leveraged graph encodings to learn 

contextual note representations, and Simonetta et al. [40] used graph 

structures to quantify inter-piece similarities. Furthermore, Karystianos 

and Widmer [20] applied a stochastic Graph Convolutional Network 

(SGSMOTE) to identify Perfect Authentic Cadences (PACs), a structural 

phenomenon strongly tied to musical boundaries. In such representa­ 

tions, nodes correspond to notes or rests, while edges capture temporal 

adjacency, synchronous onset, or note overlap.

The flexibility of graph-based models allows for the simultaneous 

encoding of multiple structural principles, such as temporal continuity, 

harmonic cohesion, and textural dependency, within a single repre­ 

sentational space. Edges can denote sequential, vertical, or contextual 

relationships, enabling the emergence of boundaries as topological 

discontinuities within the network (e.g., changes in connectivity or 

clustering structure). In contrast, traditional feature-based methods pri­ 

marily describe local event properties, offering a fragmented view of the 

structure. By integrating both local and global relational information, 

graph representations provide a theoretically grounded and structurally 

coherent framework for modeling musical form and detecting bound­ 

aries.

Recent learning-based symbolic segmentation approaches extend 

these ideas using deep temporal and graph neural architectures that 

can learn hierarchical representations of musical structure directly from 

data. Examples include Transformer-based temporal models that capture 

long-range dependencies across symbolic sequences [13,48], and Graph 

Neural Networks (GNNs) that propagate relational information between 

notes or motifs to infer higher-order structure [21]. While these methods 

achieve impressive segmentation accuracy when trained on large anno­ 

tated corpora, they rely heavily on supervised learning and extensive 

parameterization, which can limit interpretability and generalization 

to unseen styles. In contrast, the present work focuses on an unsuper­ 

vised and interpretable formulation that operates directly on symbolic 

features without requiring labeled data, offering complementary advan­ 

tages in data efficiency and musicological transparency. A systematic 

empirical comparison with these deep models is left for future work.

3 . Proposed methods

In this section, we propose two algorithms for music structure detec­ 

tion in symbolic music: Norm, G-PELT and G-Window. Note that Norm 

is an implementation of △IOI [5] with the addition of a peak picking al­ 

gorithm on the novelty function. Thus, the method extracts the IOIs and 

pitch direction of the music to obtain the boundaries of the structural 

segments. The two novel contributions are the G-PELT and G-Window 

methods, which are novel graph-based methods that segment different 

levels in the structure of symbolic music depending on hyperparameter 

values (see Table 4). None of these methods need the symbolic music to 

be quantized, nor the time signature or the beats per minute informa­ 

tion, which means that we can use both methods in non curated MIDI 

files or in musicXML files.

3.1 . Method 1: Norm

This method is based on the segmentation model proposed by 

Cenkerová et al. [5]. However, we added a peak-picking strategy based 

on the novelty function extracted from the SSM built from the nor­ 

malization of the IOIs and pitch directions. In Algorithm 1 we provide 

the pseudo-code of the Norm algorithm. The algorithm consists of the 

following steps:

We sort the notes by their onset or Note ON (in MIDI notation) and 

compute the IOIs vector 𝐱 ∈ 𝑅 

𝑁−1  where 𝑁  is the number of notes in 

the music piece (Eq. 1): 

𝑥 𝑖 

= onset 𝑖+1 

− onset 𝑖 𝑖 = 1 … 𝑁 (1)

We define the local direction or pitch contour vector 𝐥 ∈ 𝑅 

𝑁−1  simi­ 

larsimilarly to previous works in which the contour intervals were stored 

in an array of contour intervals called the COM-matrix [31]. We com­ 

pute 𝐥 as follows: if a note is followed by a note with a higher pitch 

(ascendent), 𝑙 𝑖 

= 1 and 𝑙 𝑖 

= −1 if it is lower (descendent). If the pitch of 

the following note is equal to the current pitch then 𝑙 𝑖 

= 0. In Eq. (2) we 

show the expression of the local direction vector:

𝑙 𝑖 

=

⎧

⎪

⎨

⎪

⎩

1 ∀ 𝑝 𝑖+1 

> 𝑝 𝑖
−1 ∀ 𝑝 𝑖+1 

< 𝑝 𝑖
0 ∀ 𝑝 𝑖+1 

= 𝑝 𝑖

𝑖 = 1 … 𝑁 (2)

where 𝑝 𝑖 

 refers to the pitch of the 𝑖𝑡ℎ note.

After computing 𝐱 and 𝐥 we sum them to construct the vector ~𝐱. 

We normalize this vector to obtain the 𝐱̂ vector by applying the z-score 

normalization (Eq. 3): 

𝑥̂ 𝑖 

= 

𝑥 𝑖 − 𝜇
𝜎

𝑖 = 1 … 𝑁 (3)

where 𝜇 is the mean and 𝜎 is the standard deviation of the whole IOIs 

vector.

With 𝐱~, we now apply a peak picking strategy. By doing this, we 

extract the segment boundary candidates 𝐛 = [𝑏 1 

,… , 𝑏 𝑆 

] ∈  

  𝑅 

𝐶  with 𝐶 

being the number of boundary candidates. We select a window size 𝑤 1 

and a threshold 𝜏1  

 (standard deviation above the mean). The window 

size 𝑤1 
𝛼 is defined as a function of the number of notes 𝑁  so 𝑤 = 𝑛̂

where 𝑛̂ = 15 and 𝛼 is a constant parameter. We fixed 𝑛̂ = 15 to optimize 

the algorithm performance.

After that, we can compute the SSM, 𝐒 ∈ 𝑅 

𝐶 × 𝑅 

𝐶 , by grouping the 

notes in the obtained boundary candidates. The distance to construct the 

𝐒 is the Euclidean distance. Since not all the segments have the same 

Neurocomputing 666 (2026) 132208 

3 



C. Hernandez-Olivan and J.R. Beltran

Fig. 2. Boundary candidates (a) and SSM with its novelty curve (b) in the sample n 

◦ 1 of Beethoven Piano Sonatas Dataset.

length, we add zeros to the segments of lesser length to calculate the 

distance between all of them.

Once 𝐒 is computed, we can obtain its novelty curve 𝐜 (Eq. 4) and 

apply the peak picking strategy again using a sliding window 𝑤 2 

 and a 

threshold 𝜏2  

. This will yield the predicted boundaries 𝐛̂ . 

𝑐 𝑖 

= 𝑛𝑜𝑟𝑚(𝑠 𝑖+1 

, 𝑠 𝑖 

) (4) 

where norm refers to the Euclidean norm.

In Fig. 2(a) we show the identified peaks (boundary candidates) in 

the normalized ̂  𝐛 vector, and in Fig. 2(b) the SSM with the novelty curve 

and the predicted boundaries for the Schubert_D911-01.mid file of the 

Schubert Winterreise Dataset (SWD).

The procedure of the Norm method is summarized below, and its 

pseudocode can be found in Algorithm 1.

• Calculate the IOI’s 𝐱 and the local direction 𝐥 vectors of the file and 

sum them: ~𝐱.

• Apply z-score normalization to ~𝐱: 𝐱̂.

• Calculate the boundary candidates, 𝐛, by peak picking with window 

𝑤 1 

 and threshold 𝜏 1 

.

• Construct a Self-Similarity Matrix, 𝐒, with the segments grouped by 

the boundary candidates obtained in the previous step.

• Get the novelty curve 𝐜 from 𝐒.

• Calculate the boundaries ^ 𝐛 by peak picking with window 𝑤 2 

  

threshold 𝜏 2. 

3.2 . Graph representation

Our graph representation is based on previous works [18,20,41]. 

Since our representation is based on MIDI files, which might do not 

contain time signature and tempo information, neither bars nor beats 

are taken into account in our representation. We only extract the time 

signatures from the datasets metadata for measuring the performance of 

Algorithm 1 Norm.

Require: 𝑤 1 

, 𝜏 1, 𝑤 2 

, 𝜏 2 

⊳ params

𝑛 ← 𝑟𝑒𝑎𝑑_𝑓 𝑖𝑙𝑒
⊳ calculate candidates 𝑏

𝑥 → 𝑖𝑜𝑖(𝑛) 

𝑙 → 𝑙𝑜𝑐𝑎𝑙_𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑛) 𝑥̂ ← 𝑠𝑢𝑚(𝑥, 𝑙) 

𝑧 = 𝑧_𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛(𝑥̂)
𝑏 → 𝑝𝑒𝑎𝑘_𝑝𝑖𝑐𝑘𝑖𝑛𝑔(𝑧, 𝑤 1 

, 𝜏 1)
⊳ group notes by candidates 𝑏

𝑔 ← empty list of lists 

for 𝑖 in 𝑏 do

𝑔 ← 𝑎𝑝𝑝𝑒𝑛𝑑(𝑛𝑖  

, 𝑛 𝑖+1 

) 

end for

⊳ construct 𝑆
𝑆 ← 𝑎𝑟𝑟𝑎𝑦 𝑙𝑒𝑛(𝑏),𝑙𝑒𝑛(𝑏)
for 𝑖 in 𝑔 do

𝑣𝑖  

← 𝑠𝑢𝑚(𝑖𝑜𝑖(𝑔𝑖 )||𝑙𝑜𝑐𝑎𝑙_𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑔𝑖  

))
for 𝑗 in 𝑔 do

𝑣 ← 𝑠𝑢𝑚(𝑖𝑜𝑖(𝑔 )||𝑙𝑜𝑐𝑎𝑙_𝑗 𝑗 𝑑𝑖𝑟𝑒𝑐𝑡𝑖𝑜𝑛(𝑔 𝑗 

))
𝑆𝑖,𝑗 = 𝑒𝑢𝑐𝑙𝑖𝑑𝑒𝑎𝑛_𝑑𝑖𝑠𝑡(𝑣 𝑖 

, 𝑣 𝑗  

 

)
end for

end for 

𝑐 ← 𝑛𝑜𝑣𝑒𝑙𝑡𝑦(𝑆)
⊳ get 𝑏′ and the respective note positions

𝑏 

′ → 𝑝𝑒𝑎𝑘_𝑝𝑖𝑐𝑘𝑖𝑛𝑔(𝑛, 𝑤 2 

, 𝜏 2)
for 𝑘 in 𝑏 

′  do

and

 𝑏′ 

 _𝑛𝑜𝑡𝑒𝑠 ← 𝑎𝑝𝑝𝑒𝑛𝑑(𝑏 𝑘 

) 

end for

 

 
 
 
 
 

our methods in Section 4. Similar to Ref. [20], we create three types of 

undirected connections only between notes (nodes), however we do not 

encode rests since MIDI files do not provide them directly. In Eq. (5) 
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Fig. 3. From top to down: score, pianoroll and our proposed graph representa­ 

tion of 2 bars of symbolic music.

we can see the expression of the edges of our graph representation: 

𝐸 

on  represents the edges between notes that occur on the same onset; 

𝐸 

cons  are the edges between consecutive notes in time, and edges 𝐸  

 

ℎ

represent overlapping notes in time (notes that start when there is al­ 

ready a note being played). The edges of the graph 𝐸 are defined as 

𝐸 ⊆  

 𝐸 

on ∪ 𝐸 

cons ∪ 𝐸 

ℎ :

𝑒 

on
𝑖,𝑗 

= {on(𝑣 𝑖 

) = on(𝑣 𝑗 

)}

𝑒 

cons
𝑖,𝑗 = {off(𝑣 𝑖 

) = on(𝑣 𝑗 )} 

𝑒 

ℎ 

𝑖,𝑗 = {[off(𝑣 𝑖 

) > on(𝑣 𝑗 )] ∧ [on(𝑣 𝑖 

) < on(𝑣 𝑗 

)]}

(5)

where on and off refer to the notes onsets and offsets, respectively.

Nodes are not connected to each other. In Fig. 3 we show an example 

of 2 bars in a score, pianoroll and our graph representation.

3.2.1 . PELT algorithm

In this method, we encode symbolic music as a graph as we described 

previously to then obtain the adjacency matrix A of the graph. Note that 

constructing A has a quadratic complexity with the number of notes 𝑛 in 

the file: O(𝑛 

2 ). We then compute the novelty curve of A with the expres­ 

sion in Eq. (4). After that, we run the PELT algorithm with ruptures 

package 

2  [44].

PELT [22] is a changepoint detection algorithm in time series. It de­ 

tects the change points of a signal by optimizing a cost function 𝐶 as 

defined in Eq. (6).

To calculate the optimal changepoint location, the algorithm starts 

by initializing the cost of the entire series 𝐶 𝑖 

 to infinity, then calculates 

the cost of each possible changepoint location per step, selects the point 

𝑖 that minimizes the cost and then updates the cost function with the 

new location 𝑖 

′ . In Eq. (6) we show the expressions that correspond to 

this process. After that, the windows are reduced in size by a factor 𝛿 

and the process in Eq. (6) is repeated. 

𝐶 𝑖 = min(𝐶 𝑗 

) + 𝜆(𝑖, 𝑗) + 𝑝

𝑖 

′ = 𝑎𝑟𝑔𝑚𝑖𝑛(𝐶 𝑖)

𝐶 𝑖 = min(𝐶 𝑖 

, 𝐶𝑖′ )

(6)

2 https://github.com/deepcharles/ruptures.

where 𝑖, 𝑗 is the segment to be processed, and 𝑝 is the penalty, which 

controls the number of the detected changepoints.

The window size 𝑤 controls the size of the analyzed segments per 

iteration, and the jump value 𝑗 is related to the number of changepoints 

skipped in each iteration. We also define in this case the window size 𝑤
𝛼as a function of the number of notes 𝑁  so 𝑤 =  where 𝑁𝑁  = 15 and 𝛼 is 

a constant parameter. We define the jump value 𝑗 = 𝛽 ⋅ 𝑤 as a function 

of the window size 𝑤 and a constant 𝛽. We find the optimal values of 

the parameters  and  in𝛼 𝛽  Section 4.

The complexity of the method depends on the cost function used. 

In our case, we use the Kernelized mean change cost function RBF of 

Eq. (7) which has a quadratic complexity corresponding to the sum of 

the computation of the kernel density estimate (KDE), O(𝑛  

 

2), and the 

computation of the cost at each candidate is O(𝑛). This leads to an overall 

complexity of the PELT method of O(𝑛 

2 + 𝑛𝑙𝑜𝑔(𝑛)), since the number of 

iterations is determined by the logarithm of the ratio of the window size 

and the minimum size O(𝑙𝑜𝑔(𝑛)). 

𝐶(𝜃) =
𝑇
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(7)

where 𝐶(𝜃) is the cost function, 𝜃 = 𝑤 𝑗 , 𝜇  

 

2
𝑗 

, 𝜎 

 

 is a set of parameters, 𝑇  is 

the number of points in the signal, 𝑦  is the observed value at time 𝑡 𝑡, 𝑥 𝑡 

 is 

the feature value at time 𝑡, 𝑤  is the weight for the 𝑗 𝑗𝑡ℎ 

  

 

 RBF component, 

𝜇 

2 is the mean of the s𝑗 𝑗 

𝑡ℎ  RBF component, 𝜎  

  i  the variance of the RBF 

components, and 𝜙(𝑢) = exp(−𝑢) is the RBF function ‖⋅‖ is the Euclidean 

norm.

In Fig. 4 we can see the predicted boundaries in a sample of the 

Schubert Winterreise Dataset (SWD). We can observe how the algorithm 

predicts different boundaries at different levels of structure.

In Algorithm 2 we provide the pseudocode of the PELT algorithm 

re-adapted for our graph representation and renamed to G-PELT.

Algorithm 2 G-PELT.

Require: w, j, p ⊳ params

𝑛 ← 𝑟𝑒𝑎𝑑_𝑓 𝑖𝑙𝑒 

𝐺 ← 𝑚𝑖𝑑𝑖_𝑡𝑜_𝑔𝑟𝑎𝑝ℎ(𝑛) 

𝐴 ← 𝑎𝑑𝑗𝑎𝑐𝑒𝑛𝑐𝑦_𝑚𝑎𝑡𝑟𝑖𝑥(𝐺) 

𝑐 ← 𝑛𝑜𝑣𝑒𝑙𝑡𝑦(𝐴) 

𝑏 

′ ← PELT(𝑛, 𝑤, 𝑗, 𝑝)

3.2.2 . Window algorithm

In this method, we also encode symbolic music as a graph and com­ 

pute the novelty 𝐜 from the adjacency matrix 𝐀 of the graph as we do 

in the G-PELT algorithm. After that, we apply a sliding window algo­ 

rithm. The algorithm uses two windows 𝑦 𝑖,𝑗 

 and 𝑦 𝑗,𝑘 

, that are compared 

by computing a discrepancy measure with the cost function 𝐶 of each 

window as we show in Eq. (8). 

𝑑(𝑦 𝑖,𝑗 

, 𝑦 𝑗,𝑘) = 𝐶(𝑦 𝑖,𝑗 ) − 𝐶(𝑦 𝑖,𝑘) − 𝐶(𝑦 𝑗,𝑘) (8) 

The window size 𝑊  defines the segment splits for each signal point 

𝑖 as: 𝑦𝑖 −𝑤∕2  

, 𝑦 .,𝑖 𝑖,𝑖+𝑤∕2 

The computational complexity of the algorithm is O(𝑛𝑤). We need 

to add the complexity of the cost function 𝐶. We use the same func­ 

tion defined for G-PELT algorithm (see Eq. (7)), which computational 

complexity in this case is O(𝑛𝑤) since the complexity of computing the 

KDE cost function for a single window is O(𝑤 

2 ) and since the window is 

moved along the data, the total time required to compute the cost func­ 

tion for the entire data set is O(𝑛𝑤). This leads to an overall complexity 

of the sliding window algorithm to O(2𝑛𝑤) (Table 1).
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Fig. 4. Adjacency matrix novelty curve of the graph built of the Beethoven piano sonata n11, 1st movement. In the figure, gt and pred refers to the ground truth 

annotations and predicted boundaries with out G-PELT method, respectively. The x axis refers to the notes in the file and the y axis is the value of the novelty.

Table 1 

Parameters and complexity of the algorithms for sym­ 

bolic music structure segmentation. Note that the 

complexity of constructing the adjacency matrix is 

separated from the complexity of PELT and Window 

algorithms.

Algorithm Params. Complexity

Norm 𝛼 1 

, 𝜏 1 

, 𝑤 2 

, 𝜏 2 O(𝑛) + O(𝑏 

2 )
G-PELT 𝛼, 𝛽, 𝑝 O(𝑛 

2 ) + O(𝑛 

2 + 𝑛𝑙𝑜𝑔(𝑛))
G-Window 𝛼, 𝛽, 𝑝 O(𝑛 

2 ) + O(2𝑛𝑤)

4 . Ablation study

In this section we perform an ablation study to compare the methods 

described in Section 3 with different parameter values. The goal of this 

comparison is to find the optimal parameter values for each method and 

dataset, and to determine the method that outperforms the others.

As we mentioned in Section 3, our representation is based on MIDI 

files where no information about bars or beats is provided. This makes 

the algorithms more robust since MIDI files may not be quantized, es­ 

pecially files containing expressive performances. Thus, it is easier to 

convert a MusicXML file to MIDI and use our method for score seg­ 

mentation rather than converting a MIDI file to MusicXML due to the 

ornamentations and the lack of symbolic information that a MIDI file 

provides in comparison to a score.

We convert MIDI files into graphs. The implementation has been 

added to the musicaiz package [16] which uses the NetworkX package 
3  [14] to perform the conversion. We test the algorithms performance 

with mir_eval package [34].

For the evaluation, we select 2 tolerances: 1 beat and 1 bar toler­ 

ances. The 1 beat tolerance has been used previously in the cadences 

identification task [20]. We added the 1 bar tolerance to provide further 

insights into the performance of the algorithms. 

4

4.1 . Datasets

We use the Schubert Winterreise Dataset (SWD) which contains 24 

files (MIDI, MusicXML, PDF and audios) annotated with harmony and 

form analysis (our task). Since we aim to test our methods for different 

music forms, we also test the algorithms with the Beethoven Sonatas 

Dataset (BPS) which contains the annotations of the 32 first movements 

3 https://github.com/networkx/networkx.
4 Note that our tolerance values are analogous to the boundary detection task 

in the audio domain, where there are two tolerance values 0.5 and 3 s. 1 beat 

tolerance means that in a 3/8 bar, the beat will be the crotchet.

Table 2 

Multi-instrument dataset analysis.

Dataset files TSig: files Total bound. Boundaries per file

SWD 23 2/4: 7 mid: 192 mid: 8.41 ±2.79
3/4: 7

4/4: 4

3/8: 1

6/8: 3

12/8: 1

BPS 31 2/4: 8 low: 1.439 low: 46.42 ±21.55
3/4: 6

4/4: 13 mid: 438 mid: 14.13 ±3.46
3/8: 1

6/8: 2 high: 115 high: 3.8 ±1.05
12/8: 1

of Beethoven piano sonatas. However, this dataset provides the sym­ 

bolic music files as csv, so we converted them to MIDI format with 

musicaiz package to be able to read, process and measure them against 

the structure annotations provided by the dataset. In Table 2 we show 

the metadata of both datasets. 

5  Whereas SWD has only annotations of 

the structure in the middle level, BPS dataset has annotations for the 

three levels that we called: low, mid and high. We will provide the eval­ 

uation results of Essen Folk Dataset in Section 5, since our ablation study 

comprehends multi-instrument data.

To compare the performance of our methods, we set the lower bound 

(renamed to baselines from now on) for each dataset following the proce­ 

dure introduced in previous works [12]. This limit represents randomly 

placed boundaries. For the SWD dataset we set five synthetic equidistant 

boundaries and in the BPS dataset we set 4, 14 and 46 boundaries per 

file which correspond to the mean of the boundaries per file and level 

(see Table 2).

4.2 . Schubert winterreise dataset (SWD)

In this subsection, we test the performance of the algorithms in the 

SWD. To be able to process the information and convert the symbolic 

information to graphs, we use musicaiz package [16] which works only 

with MIDI files, thus, we use the raw MIDI files of SWD.

4.2.1 . Norm

We test the Norm algorithm varying its parameters 𝛼 1 

, 𝜏 1 

, 𝑤2  

, and 

𝜏 2 

 in order to find their optimal values. In Fig. 5(a) we show the perfor­

mance of the Norm method varying 𝛼 1 

 and in Fig. 5(c) we vary 𝑤 2 

 with 

5 We exclude file 11 since it contains tempo changes.
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Fig. 5. Comparison of Norm method in the SWD dataset setting different 𝛼  and 1 𝑤2  values for 1 beat and 1 bar tolerances.

Table 3 

MBD results for the algorithms with optimal parame­ 

ters and measured with SWD.

SWD

P R 𝐹 1

Tolerance: 1 beat

baseline 0.2782 ±0.12 0.1980 ±0.08 0.2258 ±0.08
Norm 𝐛 0.2017 ±0.14 0.4352 ±0.31 0.2556 ±0.17
Norm 𝐛 

′ 0.4398 ±0.30 0.2450 ±0.15 0.3029 ±0.19
G-PELT 0.2665 ±0.15 0.5265 ±0.28 𝟎.𝟑𝟒𝟓𝟓 ±𝟎.𝟏𝟖
G-Window 0.3066 ±0.21 0.3372 ±0.29 0.2869 ±0.20

Tolerance: 1 bar

baseline 0.4956 ±0.21 0.3619 ±0.19 0.4078 ±0.18
Norm 𝐛 0.3415 ±0.18 0.7199 ±0.31 0.4298 ±0.18
Norm 𝐛 

′ 0.5884 ±0.32 0.3588 ±0.24 0.4228 ±0.24
G-PELT 0.4366 ±0.13 0.8473 ±0.17 𝟎.𝟓𝟔𝟒𝟎 ±𝟎.𝟏𝟐
G-Window 0.5371 ±0.23 0.5527 ±0.29 0.4863 ±0.19

the optimal 𝛼 1 

 value for 1 beat tolerance. In Fig. 5(b) and (d) we repeat 

the same procedure but testing algorithm with 1 bar tolerance.

The results show that there is no huge variation of the metrics when 

measuring the results with 1 beat tolerance; however, when testing the 

results with 1 bar tolerance, the sensibility of the results against 𝛼 and 

𝑤 2 

 increases. The best performing parameters for both 1 beat and 1 bar 

tolerances are 𝛼 = 0.6, 𝑤 2 = 2, 𝜏 1 = 1, and 𝜏2  

 

= 0 5 with a 𝐹 1 

= 0.3029
for 1 beat and 𝐹 1 

= 0.4228 for 1 bar tolerances (see 

.
Table 3).

4.2.2 . G-PELT

We follow the same procedure as done with the Norm method to find 

the optimal parameter values for the G-PELT method: 𝛼 and 𝛽. We fix 

the penalty 𝑝 to 0.7 which we found to perform better than other values. 

In Fig. 6 we show the results of our experiments with G-PELT method in 

SWD.

Looking at the results in Fig. 6, we can see that the method is sensitive 

to the 𝛼 parameter, especially the Recall metric. The best-performing 

parameter values are 𝛼 = 0.6, 𝛽 = 0.15 and 𝑝 = 0.7 for both 1 beat and 

1 bar tolerances with 𝐹 1 

= 0.3455 for 1 beat and 𝐹 1 = 0.5640 for 1 bar 

tolerances (see Table 3).

4.2.3 . G-window

As we did with the previous methods, we find the optimal parame­ 

ter values for the G-Window method: 𝛼 and 𝛽. We fix the penalty 𝑝 to 

0.5 in this case. In Fig. 7 we show the results of our experiments with 

G-Window method in SWD. 

The results in Fig. 7 show that the G-Window method is also sen­ 

sible to its parameter 𝛼. We found that the best performing parameter 

values are 𝛼=1 and 𝑝=0.5 for both 1 beat and 1 bar tolerances with a 

𝐹 1=0.2869 for 1 beat and 𝐹 1 

=0.4863 (for 1 bar tolerances see Table 3). 

4.3 . Beethoven sonatas for piano (BPS)

After testing the performance of our algorithms with the SWD, we 

now follow a similar procedure with the BPS dataset. In spite of the 

fact that the BPS dataset was originally proposed for symbolic har­ 

monic analysis [6], it also contains structure annotations of the first 

movements of Beethoven sonatas for piano at 3 levels, which makes it 

suitable for MSA [11]. The structure annotations for each file are stored 

in phrases.xlsx. 

6  To test the performance of our methods with this 

dataset, we follow the same procedure that we described previously for 

the SWD. The only difference between this dataset and the SWD is that 

SWD provides only middle level annotations whereas in the BPS we will 

analyzed the low, middle and high structure levels since the dataset pro­ 

vides the annotations per level. To show how the novelty of the graph 

adjacency matrix represents well the structure of the symbolic music, 

and to show an example of a file, we present in Fig. 4 the predicted 

boundaries in a sample of the BPS dataset with the G-PELT method.

4.3.1 . G-PELT

As we did for the SWD, we optimize the parameter values for the 

BPS dataset. However, since we found that the best performing method 

in the SWD was G-PELT, we will optimize the values of the parameters 

for this algorithm for the three structure levels and we will compare 

the performance in each level with the other methods (Norm and G-

Window). In Table 7 we show the results of the ablation of the three 

methods for each structure level and tolerance.

Similar to the ablation with the SWD, we first vary 𝛼 and then with 

the optimal 𝛼 value we find the optimal 𝛽. The penalty is fixed and 

obtained for each structure level. In Fig. 8 we show a comparison of 

different parameter values for G-PELT method in the structure levels 

(low, mid and high) in the BPS dataset.

Comparing the results with the SWD in general, we found similarities 

as for the high Recall values in comparison with the Precision. However, 

in the mid level the Precision is higher than the Recall for almost all the 

𝛼 and 𝛽 tested values. This means that the method predicts lower False 

Positives and higher False Negatives, or in other words, that the method 

will miss real boundaries (lower Recall) but the predicted boundaries 

will be more likely to be the real ones (higher Precision).

After the ablation of the parameters for each model and dataset, in 

Table 4 we show the optimal parameters for both SWD and BPS datasets.

6 File 31 end has an error since a segment start must be smaller than the end. 

We fixed it changing the value 246–346 that are the actual beats in the file.
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Fig. 6. Comparison of G-PELT method in the SWD dataset setting different 𝛼 and 𝛽 values for 1 beat and 1 bar tolerances. The penalty value is fixed to 0.7.

Fig. 7. Comparison of G-Window method in the SWD dataset setting different 𝛼 values for 1_beat and 1_bar tolerances. The penalty value is fixed to 0.5.

Fig. 8. Comparison of G-PELT method in the BPS dataset setting different 𝛼 and 𝛽 values for the high, mid and low levels. High level is tested with 1 bar and mid 

and low levels with 1 beat tolerances. The penalty value is fixed to 4, 0.5 and 0.1 for the high, mid and low levels, respectively.

The extensive ablation results presented in Figs. 5 through 8 are sum­ 

marized in Table 5, addressing the need for a clearer understanding of 

parameter-metric relationships. For all methods, we observe a general 

tendency where increasing the parameters typically leads to an increase 

in the metrics. Notably, the Norm method exhibited a marked increase in 

sensitivity to 𝛼 1 

 and 𝑤 2 

 when measured with the 1 bar tolerance, a trend 

not as pronounced with the stricter 1 beat tolerance. Conversely, the G-

PELT algorithm on the BPS mid-level showed an interesting trade-off 

where 𝑃  remained higher than 𝑅 for most 𝛼 values, indicating a ro­ 

bust prediction set with fewer false positives, but a tendency to miss 

real boundaries. This concise summary aids in supporting the model’s 

robustness and enhances the reproducibility of the optimal parameter 

selection reported in Table 4.

5 . Evaluation

In this section, we provide the results of our methods evaluated in 

the three datasets: SWD, BPS and Essen Folk Dataset. In spite of the fact 

that the aim of our work is not to segment monophonic melodies, we 

ran our algorithms in the Essen Folk dataset [39] to compare our mod­ 

els with previous works. We use the sequences provided in [45], which 
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Table 4 

Optimal parameters and for each algorithm and dataset.

Dataset level Algorithm Params

SWD mid Norm 𝛼1 = 0.6, 𝜏1  

= 1
𝛼2 = 2, 𝜏2 = 0.5

G-PELT 𝛼 = 0.6, 𝛽 = 0.15, 𝑝 = 0.7
G-Window 𝛼 = 1, 𝑝 = 0.5

BPS high G-PELT 𝛼 = 2.3, 𝛽 = 1.5, 𝑝 = 4
mid G-PELT 𝛼 = 1, 𝛽 = 0.01, 𝑝 = 0.5
low G-PELT 𝛼 = 0.1, 𝛽 = 0.15, 𝑝 = 0.1  

Table 5 

Summary of ablation study: Effect of key parameters on Precision (P) and Recall 

(R).

Dataset Algorithm Parameter Trend (P, R)

G-PELT 𝛼 ↑ 𝛼 ⇒↑ 𝑅
𝛽 ≈ constant / Low sensitivity (Fig. 6(c,d))

G-Window 𝛼 ↑ 𝛼 ⇒↑ 𝑅

BPS G-PELT (Low) 𝛼 ↓ 𝛼 ⇒↑ 𝑅
G-PELT (Mid) 𝛼 ↑ 𝛼 ⇒↑ 𝑃 ; ↓ 𝛼 ⇒↑ 𝑅
G-PELT (High) 𝛼 ≈ constant

Table 6 

MBD results for the algorithms with optimal parame­ 

ters and measured with Essen Folk Dataset for 1 beat 

tolerance.

P R 𝐹 1

ΔIOI [5] 0.7165 ±0.12 0.5631 ±0.23 0.6307 ±0.15
Compound [5] 0.8165 ±0.24 0.7631 ±0.11 0.7890 ±0.13
Norm 𝐛 0.6371 ±0.11 0.4096 ±0.45 0.4985 ±0.34
Norm 𝐛 

′ 0.6890 ±0.23 0.6231 ±0.12 0.6542 ±0.12
G-PELT 0.7871 ±0.15 0.8898 ±0.28 𝟎.𝟖𝟑𝟓𝟑 ±𝟎.𝟏𝟓
G-Window 0.8137 ±0.22 0.7981 ±0.24 0.8058 ±0.16

contain 6226 monophonic European melodies where phrase boundaries 

are annotated. For SWD and BPS datasets, after finding their optimal 

hyperparameter values of the algorithms in Section 4, we provide the 

overall evaluation results in this section.

First, we test the performance of the algorithms in the Essen Folk 

Dataset to compare them with the state-of-the-art methods and prove 

the effectiveness of our methods in monophonic symbolic music. Since 

the dataset is composed of monophonic melodies instead of full pieces 

like the SWD and BPS datasets, we use the same hyperparameters as 

for the low-level structure detection in the BPS dataset, which matches 

the structure level in the Essen Folk Dataset. The results are shown in 

Table 6.

The results show that the G-PELT is the best performing method, 

however, G-Window is the algorithm that achieves better P. This is be­ 

cause the G-Window local sliding windows capture more boundaries per 

file than the G-PELT method designed for global optimization. This is 

also why G-PELT has a higher R.

We measured the errors across the datasets to give more insights 

about the algorithms precision in terms of time tolerance. In Fig. 9 we 

show the histogram of errors in beats that the G-PELT algorithm makes 

in relation with the number of boundaries detected. We can observe 

that the most common error rage is from 0 to 10 beats, which means 

that when the algorithm makes a prediction, it is relatively close to the 

real boundary.

The results in Table 3 show the performance in the SWD, however, 

the analysis can be confusing due to the fact that the SWD does not have 

annotations per structure level. In order to do a deeper analysis and 

show how the algorithms perform in the different levels of the structure 

of music, we also test the algorithms with the BPS dataset. This dataset 

Fig. 9. Number of errors (vertical axis) in beat units (horizontal axis) measured 

in the predicted boundaries with G-PELT method in the SWD dataset.

provides annotations at the 3 structure levels in Western classical mu­ 

sic. Since the dataset contains the Beethoven piano sonatas, the levels 

are organized as: high-level structure (exposition, development and re­ 

capitulation), themes (1st, tr, 2nd, coda, etc.), and phrases or motifs (a, 

a’, etc.). Low level boundaries contain the mid and high level ones, and 

mid level boundaries also contain high level ones. With these annota­ 

tions we can measure the algorithms performance in various levels and 

demonstrate in which level they perform better. In Table 7 we show the 

performance metrics of the algorithms measured with the BPS dataset 

(Fig. 10).

Beyond quantitative performance, we conducted a qualitative analy­ 

sis to examine whether the predicted boundaries correspond to musically 

meaningful transitions. In Fig. B.12, we show how G-PELT success­ 

fully identifies boundaries that align with perceptually relevant musical 

events such as thematic changes, cadences, and rhythmic contrasts. For 

instance, the transition around bars 58–59 corresponds to the shift from 

theme C to D, characterized by changes in harmonic rhythm and tex­ 

ture in the left hand. Similarly, the algorithm detects a cadence at bar 

66, a musically plausible segmentation point not reflected in the anno­ 

tated data. These examples demonstrate that the detected boundaries 

are not merely algorithmic artifacts but are consistent with structural 

cues recognized in traditional musical analysis.

In Appendix B we see another example of the G-PELT algorithm per­ 

formance in a Debussy piece, which differs in period and form from the 

SWD for which the parameters have been optimized.

6 . Discussion

The best-performing algorithm for the SWD is G-PELT as we show 

in Table 3 with 𝑃 = 0.4366, 𝑅 = 0.8473 and 𝐹 1 = 0.5640 (optimal pa­ 

rameters are shown in Table 4). The high Recall value means that the 

algorithm is capable of identifying boundaries in the ground truth and 

that it does not predict boundaries that are not in the ground truth (low 

number of False Negatives). However, the low Precision shows that the 

algorithm does not detect a high number of the real boundaries (high 

number of False Positives). This is an indicator that the algorithm could 

be used in scenarios where the recall of the algorithm is a priority.

When testing the performance of the methods in the BPS dataset, we 

find differences in the results depending on the structure level we are 

working with. We should clarify that the performance in the high-level 

structure is more difficult since there are only 3–5 boundaries versus the 

40–60 that the low-level presents per file (see Table 2). However, the al­ 

gorithms detect the end of the file boundary, which is translated as the 

addition of a True Positive. The impact of this in the high-level leads to 

a greater effect than in the mid and low levels. The reason why the ex­ 

pectation of a decrease in performance in the high level analysis comes 

from the fact that if a file has ∼800 beats (BPS file n1) and three bound­ 

aries in the high level, the boundaries represent less than 0.5 % of the 

beats, making it difficult for the algorithm to perform more accurately at 

lower tolerance levels (1_beat). It is worth noting that the same applies 
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Table 7 

MBD results for the algorithms with optimal parameter values measured with the BPS dataset.

High Level Mid Level Low Level

P R 𝐹 1 P R 𝐹 1 P R 𝐹 1

Tolerance: 1 beat

baseline 0.1875 0.3041 0.2233 0.1272 0.1169 0.1155 0.2533 0.2656 0.2417

Norm 𝐛 0.0579 0.4559 0.0987 0.1036 0.3773 0.1573 0.1829 0.7612 0.2857

Norm 𝐛 

′ 0.2585 0.3906 0.2880 0.2378 0.1038 0.1308 0.2969 0.2450 0.2489

G-PELT 0.2765 0.3114 0.2686 0.2540 0.2045 0.2137 0.2896 0.6033 0.3716

G-Wind. 0.2092 0.2614 0.2183 0.2436 0.1531 0.1724 0.4816 0.1205 0.1849

Tolerance: 1 bar

baseline 0.2578 0.4088 0.3040 0.2611 0.2557 0.2447 0.4415 0.4676 0.4254

Norm 𝐛 0.0862 0.6432 0.1455 0.1820 0.6347 0.2755 0.2506 0.9711 0.3854

Norm 𝐛 

′ 0.2708 0.4140 0.3028 0.3674 0.1721 0.2132 0.5904 0.4458 0.4696

G-PELT 0.3437 0.3585 𝟎.𝟑𝟑𝟔𝟏 0.3865 0.3024 𝟎.𝟑𝟐𝟐𝟒 0.4370 0.8434 𝟎.𝟓𝟒𝟕𝟑
G-Wind. 0.2466 0.3192 0.2617 0.3566 0.2345 0.2611 0.7538 0.1989 0.2999

Fig. 10. Beginning of the 1st movement of the Beethoven Piano Sonata n2 segmented by our G-PELT method with optimal parameter values. Predicted segments are 

colored in red and blue. Ground truth is marked in bright green (low level, 5th column in the csv) and dark green (mid level, 6th column in the csv) lines above the 

staff.

to the baseline, as the number of boundaries in annotations increases, 

it becomes more likely to increase the number of true positives because 

there are also more synthetic boundaries per file.

An example of the performance of the G-PELT method in a Beethoven 

piano sonata is shown in Fig. B.12. In the figure, we show the predicted 

sections with colors and the ground truth annotations of the BPS dataset 

in the green lines above the score. 

7  We would like to highlight how the 

algorithm identifies sections that are not labeled in the dataset annota­ 

tions, such as cadences. As an example, there is an annotation in bar 58 

(theme D start) that, for our understanding, does not correspond to the 

real boundary. In this case, the method identifies as the real boundary 

the bar 59 which is more likely to be the real one due to the rhythm 

changes in the left hand. The same happens in bar 32 (theme C) and in 

7 The ground truth has been extracted from https://github.com/ 

MarkGotham/Taking-Form/blob/master/corpus/Beethoven_Sonatas/ 

sonata2op2no2movt1.csv

bar 66 where the annotation seem to be displaced from the real bound­ 

ary. Being that said, we would suggest that the BPS dataset structure 

annotations should be revised.

Finally, these qualitative examples reinforce that the detected bound­ 

aries correspond to musically meaningful transitions, linking our al­ 

gorithmic evaluation with concrete musicological phenomena such as 

cadences, thematic contrasts, and phrase demarcations.

7 . Conclusion

We presented three methods that aim to segment symbolic music in 

its structure or form. After measuring the performance of each method in 

the context of symbolic structure segmentation with two public datasets, 

we can conclude that the best performing method is G-PELT for both 

SWD and BPS datasets and structure levels. We provide evidence of 

how by changing the parameters of the algorithms, music can be seg­ 

mented into different levels of structure, opening new possibilities to 

better understand how music is created and enabling new scenarios in 
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applications such as music generation or classification. The proposed 

methods are online and unsupervised which makes them suitable for 

processing large corpus of data, however, for a deeper analysis of a par­ 

ticular form, a learning algorithm might be needed to improve the results 

of this work. We suggest revisiting the annotations of the BPS dataset by 

a group of expert musicians. This could be done with the help of our 

G-PELT method which is our best performing method, as a guide when 

analyzing the low level structure.

The presented segmentation method can be used in applications such 

as music generation or data augmentation. The fast online proposed 

method would help tokenize the files faster than offline methods. In 

applications such as fingering [35], data augmentation is difficult due 

to the fact that common techniques (pitch shifting, etc.) cannot be ap­ 

plied since they change the fingering or difficulty of the task. Being 

able to segment music into coherent parts might help these models for 

training purposes. Automatic structural segmentation can also help an­ 

notators when it comes to annotating the structure at a large corpus of 

data.

Future lines of work might be building a deep neural graph network 

that segments music based on these methods. In addition, having a bet­ 

ter performance in the segmentation task might open future works about 

structure labeling or classification. Apart from that, since we only use 

temporal information to construct the graph, we propose adding har­ 

monic information in the novelty curve obtained from the adjacency 

matrix to improve the results of this work. We did not include them 

due to the fact that these features need to be predicted, as they are 

not encoded in a MIDI file. However, future work might focus on en­ 

coding the chord progression predicted with recent advancements in 

harmonic analysis (e.g. AugmentedNet [32]) to better capture the struc­ 

tural boundaries, since harmony and structure are closely related to each 

other.
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Appendix A . Structure encoding example 

A.1 . Applications

The presented segmentation methods can be used in symbolic music 

generation or data augmentation. In music generation, current tokeniz­ 

ers such as the Multi-Track Music Machine (MMM) [8] do not provide 

section tokens due to the fact that they are not encoded in MIDI-like or 

score-like formats. With our method, these section tokens could be in­ 

cluded (at beat or bar level) to generate symbolic music and be able 

to inpaint sections, e.g., readapting the MMMBar tokenization to in­ 

clude section tokens. In Fig. A.11 we show an example based on the 

MMMTrack tokenizer [8] that includes the section tokens.

Fig. A.11. A general encoding based on the MMM. The figure shows a general scheme configuration of how the MMMTrack encoding extended for conditioning the 

generation at different levels. We extend the three levels proposed in the original MMM by adding a structure level.
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Fig. B.12. Vals romantique by Debussy (bars 63–93) segmented by our G-PELT method with parameters optimized for Shubert Winterreise Dataset.

Appendix B . G-PELT test example

With the G-PELT algorithm with optimized parameters with SWD 

we show how the algorithm works in other music styles and periods. In 

Fig. B.12 we show an example of a Vals by Debussy which is a different 

form and a composer from a different period in the Western classical mu­ 

sic than the Schubert’s Winterreise songs. In the figure, it can be seen that 

the algorithm segments coherent sections attending to the rhythm and 

texture of the piece, despite the parameter values having been optimized 

for another form and style.

Data availability

We shared the GitHub repository link to improve reproducibility. 
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