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Abstract

Despite the increase of music generated by Artificial Intelligence (Al) tools
such as Suno and Udio, little research has been done on the songs they
create. Previous research has largely focused on techniques for Al music
detection, while the potential biases and patterns in the vocals the models
generate have been left unanalyzed. This thesis aims to develop a pipeline that
allows for population analysis of singing voices present in music generated
by Suno and Udio. In order to accomplish this, we investigate two types of
methods. One approach uses Mel-Frequency Cepstrum Coeflicients (MFCCs)
for feature extraction together with Gaussian Mixture Models (GMMs) to
model vocal characteristics. The other approach uses deep learning models
to extract features directly, with two speaker recognition models and one
singing voice representation model. We evaluate both methods through
testing with real songs that we process using source separation and silence
removal. Based on the initial test results we then apply the most reliable
model — the singer representation model — to the dataset of Al singers
and use K-medoids clustering as well as Uniform Manifold Approximation
and Projection (UMAP) dimensionality reduction to examine the data. The
results from the singer representation model showed only limited quantitative
success with the K-medoids clustering, while qualitative testing on real songs
suggests the approach is somewhat successful. The UMAP projection showed
quite distinct separation between the Suno and Udio songs, as well as between
female and male vocals. Issues with distortion or incorrectly converted audio
files in the datasets we used were discovered, which likely had significant
impact on the clustering and visualization results. An implementation error in
our UMAP usage of the MFCC approach initially showed it as being much less
reliable than further testing seemed to indicate, making this method possibly
interesting for more thorough testing. We motivate further research into how
the voice characteristics of the generated vocals relate to their textual prompts
and vocals of real artists.

Keywords

Generative Al, Source separation, Speaker recognition, Singing voice, Music
information retrieval
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Sammanfattning

Trots att midngden musik som genererats av Al-verktyg som Suno och Udio
okar sé har vildigt lite forskning undersokt musiken som genererats. Tidigare
forskning har fokuserat p4 att utveckla metoder for att kdnna igen Al-genererad
musik. System fOr att uppticka monster och likheter i de genererade rosterna
har inte varit i fokus. I den hér studien utvecklar vi ett system for att
kunna analysera fordelningen och variationen av rosterna som forekommer
i musiken som genererats av Suno och Udio. For att dstakomma det har
vi undersokt tvd metoder. En av metoderna anvinder sig av Mel-Frequency
Cepstrum Coeflicients (MFCC:er) for att extrahera information frdn sangerna
och Gaussian Mixture Models (GMM:er) for att modellera rostkarakteristiken.
Den andra metoden anvinder sig av fortranade djupinldrningsmodeller for
att extrahera data. Vi undersoker tvd tal- och talarigenkdnningsmodeller
och en singaridentifieringsmodell for detta dandamdl. Bdda metoderna testas
forst med musik av riktiga singare, ddr ljudfilerna har processerats med
verktyg for att isolera rOsterna och ta bort tystnaden frdn dem. Pa de testerna
fick modellen som tridnats for att kdnna igen singare bist resultat, varpa
den anvindes for att undersoka Suno- och Udio-litarna. For att analysera
och projicera ner datan till en graf anvinds K-medoids-klustering och
Uniform Manifold Approximation and Projection (UMAP). Resultaten fran
de testerna visade péd att modellen hade begridnsad kvantitativ framgéng
men kvalitativa lyssningstester indikerade att den underliggande metoden
fungerande. Graferna frin UMAP-projektionen visar en tydlig separering
mellan Suno- och Udio-latar, och mellan manliga och kvinnliga roster. Dock
kan graferna och klustringsresultatet vara missvisande di det forekommer
ljudartefakter i datan som orsakats av ett fel i kéllsepareringssteget. Ett
implementationsfel i MFCC-metodens UMAP-projektion gjorde att den
initialt fick betydligt samre resultat dn vad den senare korrigerade versionen
gav. En vidareutveckling pA MFCC-metoden skulle dirfor vara en intressant
fortsédttning av studien. Det skulle ocksd vara intressant att undersoka
eventuella monster mellan rostkarakteristiken och texterna som anvéndes for
att skapa de Al-genererade l4tarna.

Nyckelord

Generativ Al, Killseparering, Talarigenkdnning, Sdngroster, Musikdataextra-
hering
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Chapter 1

Introduction

The field of generative Artifical Intelligence (Al) has seen rapid development
and adoption in recent years [1]. One domain of generative Al is Al music,
which has seen large strides with research being done by actors such as Google
[2] and Meta [3]. It has also seen the establishment of companies such as Udio
[4] and Suno [5] providing proprietary commercial platforms.

Both Suno and Udio allow their users to generate songs by inputting text
describing the style and genre of music they wish to generate, as well as an
optional lyrical prompt for the singing voices in the song. On the platforms
both services provide, a significant portion of the generated songs feature
vocals. The training data for the models these services use consists largely of
copyrighted material [6, 7]. Despite this, not much research has been done on
studying the vocals these models generate due to the proprietary nature of the
models. Studies have been made attempting to detect songs generated by Al or
that used Singing Voice Conversion (SVC) [8, 9, 10] and Suno have published
an early version of their text-to-speech/text-to-audio model Bark [11], but little
has been done on examining the vocals of the generated songs.

Analyzing the generated songs and population of virtual singers through
statistical means could provide indications regarding the model architectures
or the underlying datasets used for training, including if certain singers’ vocal
characteristics have been recreated. It could also visualize biases or specific
patterns in either the models, or their usage by the users of the services. In turn,
this could be used to better understand and develop similar models, potentially
allow for copyright holders to see if their voices has been recreated without
proper licensing as well as see how voices relate to the prompts that generated
them.
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This study attempts to develop a method that allows for estimations of the
population of virtual singers in these datasets through statistical analysis of the
generated songs. More precisely this study aims to develop an audio pipeline
that is able to determine if there are any clusters in the singing voices generated
by the commercial models used by Suno and Udio.

Audio

Vocal extraction

«<— Vocal stem

Feature extraction

Y

Modelling

Clustering

Population analysis

Figure 1.1: Flowchart illustrating the idea behind the audio pipeline created in
this study.

The overall structure of the audio pipeline is seen in fig. 1.1, which
illustrates the processing steps needed in order to perform the final population
analysis. It involves creating the datasets for testing and validation, vocal
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extraction to create the raw vocal stems and feature extraction that capture
the vocal characteristics present in the audio file. These characteristics must
then be modeled to allow for comparisons between the different vocal files.
These model representations are then used when attempting to find clusters
in the data. Finally population analysis can be performed by analyzing the
distribution and variation of the clusters.

We develop the audio pipeline step by step through successive testing on
real vocals as well as a subset of Al generated songs, before evaluating the
performance on the large datasets of artificially generated songs. Through
this development process multiple variations of the audio pipeline are tested.
The most significant change is between two approaches, one that uses deep
learning for the feature extraction from the preprocessed vocals, and one that
does not. For the deep learning feature extraction three models are tested,
with two being speech and speaker recognition models and one being a singer
representation model. The non-deep-learning approach uses Mel-Frequency
Cepstral Coeflicient (MFCC) features and — similarly to the methods with the
two speech recognition models — use Gaussian Mixture Models (GMMs) to
model the singing voices of each song. For finding the similarities between
the GMMs, Kullback—Leibler (KL) divergence is used. Three different
dimensionality reduction techniques are tested as well, Multidimensional
Scaling (MDS), t-distributed Stochastic Neighbor Embedding (t-SNE) and
Uniform Manifold Approximation and Projection (UMAP), which map the
dissimilarities from the KL divergence to coordinates in two dimensions. The
singer representation model uses dimensionality reduction for visualization
purposes only, since its output vector is different to the other models.

Our preliminary results from testing on the dataset of real singing voices
show the ‘Bootstrap Your Own Latents’ (BYOL) singer representation model
as the most promising approach for feature extraction. When we apply that
model to the Suno and Udio datasets of artificial generated songs, the results
show a distinct separation between the two datasets as well as between male
and female voices. When looking at groupings of individual voice features,
they are however much less clearly separated compared to the initial testing.
The final results are also affected by significant artifacts likely introduced from
incorrect sample rate conversion in the source separation process, which could
skew the K-medoids clustering performed. Still, the model is able to group
genres such as heavy metal voices and choral music separately. This indicates
that the approach is functioning, albeit with varying performance.

The theory regarding the vocal pipeline and different audio and vocal
processing techniques is presented in chapter 2. Chapter 3 explains the
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methodology of how the data is gathered and processed, as well as the
reasoning for the choice of method and decisions taken. Chapter 4 provides
insight into the performance of the pipeline, by visualizing the results from
experiments performed. Chapter 5 discusses potential reasons for why the
results from the tests came to be as well as difficulties in implementation.
Finally chapter 6 concludes the work and discusses future directions.
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Chapter 2

Background

This chapter provides background regarding different audio processing
techniques that can be used to analyze vocal content in music. These include
source separation, MFCCs as well as other feature representations of audio
along with methods for comparing and clustering arbitrary data.

2.1 Source separation

Source separation is the process of extracting sound sources that have been
mixed together. For music, that often involves separating singing or speech
from accompaniment. Multiple models and approaches have been created for
this task such as Spleeter [12] and Demucs [13], with variations in the model
structure. Spleeter uses a Convolutional Neural Network (CNN) approach,
while the latest version of Demucs accomplished significant performance
gains through its use of a transformer model. These models allow for either
separation into voice and accompaniment, or separating the mix further into
voice, bass, drums and other using a four stem model.

While these models often are successful in separating the vocals from
the accompaniment, they rarely do so without introducing some amount
of artifacts to the stems. These artifacts appear when the model fails to
fully separate the sources from the mix, and often occur when parts of an
instrumentation share sonic characteristics to vocals or voices. Chants, choirs
and heavily processed layered vocals are often included in the vocal stem while
not being part of the main singer’s melody. If these artifacts make up a large
part of a vocal stem, it significantly reduces the quality of the data. This can
be problematic when attempting to do automated vocal analysis.
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2.2 Singing voice analysis and recognition

Singing voices have a lot of variables that change how we perceive them. The
vibration frequency of the vocal folds, position of the jaw and the length of the
vocal tract are just some of the parameters that can change between singers or
between performances that adjusts the sound [14]. In an attempt to model
this difficult problem, different approaches have been taken. The source-
filter model uses the resonant frequencies found in voices, called formants,
in order to recreate the voice. Other approaches use MFCC to recognize the
timbre of the voice. These methods are a form of audio feature extraction,
which are processes or functions applied to the audio waveform in order to
be able to better analyze the track in various ways. They also allow for further
processing using other algorithms that enable comparisons between individual
voices [15].

2.2.1 Mel-Frequency Cepstral Coefficients (MFCCs)

One algorithm often used in audio processing is a Fast Fourier Transform
(FFT), which is used to convert time domain audio data to a frequency domain
spectrum. Extracting multiple spectra using a short time-axis sliding window
allows for a two-dimensional spectrogram to be created. The values of each
spectrum act as vertical slices in the y-axis, while the x-axis is the time axis
of the sliding window. This allows for better visualization of the signal more
aligned with how humans hear audio by showing changes in frequency more
clearly [14]. This method is called a Short-Time Fourier transform (STFT).

An MFCC is a data reduction method that finds patterns in the frequencies
of an audio signal. Calculating it involves first creating a spectrogram. To
condense this spectrogram and scale it according to human hearing, a mel-
frequency spectrogram is created by using a mel-filterbank. This lowers the
vertical resolution of the spectrogram by separating the frequency information
into a specified number of bins. An additional FFT is then applied to extract
the regularities in frequencies across the bins [16]. This can then be further
condensed into a number of coefficients, forming the MFCC. While neither
the phase nor the frequency information is kept through this process, timbre
characteristics are quantified. This method is therefore often used in voice
recognition systems [14].

Another approach used in Singing Voice Synthesis (SVS) systems is
identifying the frequencies of the formants of a voice in order to use a source-
filter model. A formant is a resonance peak that appears when a singer or
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speaker makes a vowel sound. They are formed by the shape of the vocal
tract and can be adjusted by moving the tongue, lips or other articulators
[14]. While the positioning of the formants for specific vowels are similar
between different people, they still vary depending on the size and shape of the
vocal tract [17]. These formant positions can be used for speech and speaker
recognition systems [18], as well as singer recognition tasks [19]. Since the
position of the formants affect the timbre, any difference or change in them are
reflected in changes to the MFCCs.

2.2.2 Singer similarity and classification

The field of singer classification is a subfield of music informatics that aims
to be able to group voices using different kinds of features such as MFCCs.
While traditionally a statistical approach has been used for singer identification
[20], recently research has been made into utilizing deep learning approaches
[21].

One established method for singer recognition [20] uses Support Vector
Machines (SVM) for singing detection and GMMs to model the singers in the
dataset. The approach does not use a deep learning based source separation
model to extract the vocals and instead has two GMMs, with one learning the
parts of the songs the SVM detected as singing, and the other recognizing the
instrumental sections. The singing voice system then preprocesses the vocal
sections into shorter segments before finding the vocal tract model coeflicients
for each segment. This data is then used to train the GMMs in order to identify
the singer’s unique formant structure. Another approach, suggested by Sten
Ternstrom [22], uses a Long Time Average Spectrum (LTAS) over 30 seconds
of speech. That approach looked at the spectral contours of each subject with
the results showing that the contour remained consistent to each person in
the high frequencies, while still differing among the different subjects. This
suggests it could be used for speech or singer identification purposes. However,
the authors does not investigate this method further using audio that has been
preprocessed in ways where the spectral contours have been affected, making
it unknown if this method is suitable for analyzing Al music.

More recently approaches using foundational speech models such as
HuBERT [23] for speech and singing related tasks has emerged. SUPERB [24]
was developed as a benchmark in which HUBERT among other models were
tested on tasks such as phoneme recognition, automatic speech recognition and
speaker identification. Furthermore has HuBERT been tested as a foundation
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for a system for Singing Voice Conversion (SVC) [25, 26], which is the task of
recreating a sung melody through the voice characteristics of another person.

Similar deep learning-based approaches have been used for singer
identification as well [21]. One such study focusing on singer related tasks
was performed by Sony Computer Science Laboratories Paris [27]. They
use an approach that involves feeding a CNN with mel-spectrograms of the
input audio. Its architecture uses a shallow neural network to provide a one-
dimensional vector of 1000 feature representations independent of the length
of the original audio file. Using these representations to determine who
the singer of certain songs proved quite successful, with 97% identification
accuracy on certain datasets, as well as a low Equal Error Rate (EER) on singer
similarity tasks.

2.3 Clustering

After audio feature extraction using an approach such as a STFT or with an
MFCC there will be a 2-dimensional matrix of features. In the case of using
MFCCs the output vector shape will depend on the number of mel-coefficients
used, as well as window size and hop length of the sliding window. When using
a deep-learning model the shape depends on the preprocessing steps used in
that model. Typically the vector length depends on the length of the input data,
while the width depends on the number of nodes in the final hidden layer of
the neural network. This means that the these data representations vary in size
depending on the length of the audio.

When comparing songs of different length it is often beneficial to use
a representation that is not time-dependent. One approach for this involves
representing the sequence as a distribution of time-independent values. Such a
distribution can be modelled using a GMM [28], which is a data representation
that uses one or many normal distributions. These normal distributions of
features can be compared in order to determine similarities and dissimilarities
between them. This in turn allows each distribution to be mapped to a
coordinate in a space according to how dissimilar they are to each other.

2.3.1 Kullback-Leibler divergence and Gaussian Mix-
ture Models (GMMs)

For comparing the GMM distributions of feature vectors, an algorithmic
approach is needed. Assuming the data is formed as a single-component
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multivariate Gaussian distribution, KL. divergence can be used [29]. In the
case where the distribution is modelled using multiple normal distributions, as
in the case with a multi-component GMM, this process is much more difficult.

A single-component multivariate GMM is synonymous with a multi-
dimensional normal distribution. For calculating the KL. divergence of multi-
component GMMs there is no precise algorithm. Instead, sampling using
the Monte-Carlo method is traditionally used when high accuracy is required.
Due to this being very computationally intensive, approximative methods have
been developed to accelerate the calculations for large datasets [30]. Given
that the GMM only uses one Gaussian component, finding the Kullback-Lieber
divergence becomes much simpler compared to when using a GMM consisting
of multiple normal distributions.

While KL divergence is non-symmetrical making it unsuitable for use as
a distance metric, it can be used to create a symmetrical Jeffrey’s divergence
matrix by adding the corresponding diagonally mirrored divergence [31]. This
is required for use in algorithms such as UMAP or t-SNE which require
symmetrical matrices.

2.3.2 Multi-dimensional scaling

In order to convert the KL divergence into coordinate representations that
allow for clustering, algorithms such as Multidimensional Scaling (MDS),
t-SNE or UMAP [32] can be used. These algorithms can be used for two
different methods. One is to reduce the number of feature dimensions so that
the same data can be represented using a lower dimensional space, retaining
the most significant information and relations between the points. They
can also be used to convert data from a pre-calculated distance matrix to
coordinates in a specified number of dimensions. When providing a Jeffrey’s
divergence, it is this method that is used.

2.3.3 K-medoids clustering

K-medoids clustering is an algorithm similar to K-means clustering. K-means
involves clustering using centroids, which is the position that is in the middle
of the data points belonging to a cluster. This position is not necessarily that
of one of the data points, but is found using the means of the coordinates of the
data points in that cluster. K-medoids on the other hand uses the data points
in the dataset as center points for each cluster, which reduces the impact of
outliers [33].
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Both K-medoids and K-means are clustering algorithms that are fully
unsupervised and require the number of clusters to be specified beforehand.
In order to determine the optimal number of clusters for an unlabeled dataset,
heuristic metrics can be used together with the elbow method, which is the
process of continuously increasing the number of clusters tested until a plateau
in the metrics is reached.

2.3.4 Clustering performance

The heuristics used to determine the elbow of a curve based on clusters can be
the inter-intra distance of the clusters, which is known as the Davies—Bouldin
index [34]. Another heuristic is the Dunn index which compares the max
internal distance in the cluster to the distances to the other clusters. Both
methods measure cluster distinction by comparing the variance of clusters to
their separation.
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Chapter 3
Methodology

This chapter explains the methods we use for creating the datasets necessary
for developing and testing the audio pipeline. It also covers the preprocessing
steps, specific models used for the deep learning based approaches as well as
the techniques for the MFCC approach and specifications of the hardware that
was used.

The experiments were mostly performed as a step in developing the audio
pipeline by testing on a dataset of real singers. Through a step-by-step process
the data was processed and then analyzed visually or aurally to determine if
the system was performant enough to develop the next step. Through this
fashion multiple configurations of silence removal, MFCC parameters and
MDS configurations were tested successively as the pipeline grew in length.
As the pipeline reached a more mature state, it was tested using a subset of 500
Suno and Udio songs before the GPU servers were used to run the pipeline on
the entire Suno and Udio datasets. To provide more insight into the results
throughout the process, clustering methods such as Hierarchical Density-
Based Spatial Clustering of Applications with Noise (HDBSCAN) was used,
but rarely provided better than visual analysis due to the parameters not being
set optimally. Due to difficulty in configuring this method correctly, other
clustering methods were explored for the final tests, landing on K-medoids.

The flowchart in figure 3.1 shows the overall structure of the audio
pipeline. Beginning with the three datasets of real singers, Suno and Udio,
sources are separated using Demucs. Thereafter the audio is processed to
remove the silence that was introduced in the stem separation, shortening
the files to contain only vocal content. These new files form the basis for
all further processing. After removing files shorter than ten seconds, the
rest are sent to four feature extraction techniques: MFCC extraction, the two
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HuBERT models, and the singer representation model. From there, different
actions are taken based on which approach was used, due to the different
vector shapes output from the different processes. Regardless of method
used, dimensionality reduction is used as a final step to convert the data to
coordinates in two dimensions. These coordinates are then used to create plots,
which allow for manual analysis.
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/
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T
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/
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Figure 3.1: Flowchart illustrating the audio pipeline used in this study. Only
some combinations of paths through the graph were performed for all datasets.
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3.1 Datasets

The data used for this study consists of three datasets, a small dataset of 426
real songs by six different artists and two much larger datasets of artificially
generated songs by Suno and Udio. We created the Suno and Udio datasets
by scraping songs publicly available on their sharing platforms [9], while the
real singer dataset was created by downloading the singers’ discographies.

In order to cluster artificially created voices, a similar method must be
developed to work on real labeled voices as a baseline. For testing and
validation purposes we aquired 432 songs from 6 singers with a distribution
according to 3.1. After the preprocessing step removed songs with little to no
vocal content, 426 songs remained. All files were encoded as 320 kbps MP3
files with 44.1 kHz sampling rate. We labeled this dataset ’other’, due to the
voices not being created by either Suno or Udio.

Artist Nr. of songs
Adele 47
Benjamin Ingrosso 74
Dua Lipa 58
Ed Sheeran 82
Justin Bieber 101
Veronica Maggio 70

Table 3.1: The number of songs of each artist in the ’other’ testing dataset

After removing songs that featured no or limited singing, the two datasets
of Al generated music consisted of 46 049 Udio songs and 51 692 Suno songs.
For these two datasets additional metadata such as prompts used, username,
tags and lyrics are collected but not processed in this study.

3.2 Pre-processsing

We perform the pre-processing step on each audio file in the datasets to
transform them into files that solely contain singing vocal content. This is done
through two steps, source separation to eliminate all instrumentation from the
songs, and silence removal to remove the parts of the songs without vocals.
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3.2.1 Source separation

In order to extract the vocal parts from the songs, the 2-stem version of the
hybrid transformer Demucs model [13] is used on all audio files. The files
are then re-encoded as MP3 files. The different datasets are stored to separate
folders, with the ’other’ dataset featuring real singers maintaining the singer
labels. The instrumental files created by Demucs are ignored, as processing is
only done on the source separated files containing mostly vocals.

3.2.2 Silence removal

The source separated vocal files are reimported and mixed down to one-
channel mono files using the Pydub Python library. In this process, all files
containing a peak amplitude lower than 0.2 are removed from the datasets as
these files were mostly silent except for artifacts from the source separation
step. Thereafter all the remaining songs are normalized to 0 dB before
they have their silence removed using the strip_silence Pydub function. The
function was used with a silence threshold of -28 dB, silence length parameter
of 500 ms and padding of 200 ms. For songs that featured no vocals this
resulted in the exported mp3 files being very short — less than 10 seconds —
and only containing separation artifacts. To exclude these, songs that were
shorter than 10 seconds after the silence removal step were removed from the
dataset. The other files were saved as saved to disk as “vocal only” files.

The values of the silence removal algorithm were tested in a couple of
configurations by repeatedly exporting a limited selection of the files, listening
to them and determining whether or not the majority of the vocal were present
throughout the files without separation artifacts or long reverb decay tails
being included. The padding value was chosen to avoid introducing clicking
noises in the resulting audio files. With a low padding value the amplitude
rapidly changed between different parts of the song being edited together,
resulting in artifacts. Due to the audio files having different mixing between
different artists and songs, finding a silence length and a silence threshold that
consistently worked proved quite difficult. It is likely the chosen values are
not optimal for all songs. Its impact on the final result has not been evaluated,
even though a change in how much reverb tail is included in the testing data
likely could affect the results.

When testing methods that filter the audio as part of its preprocessing, it
was done in a final step in the silence removal process before saving to disk.
A tag in the filename specifying the file has been filtered was added to those
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files. The filter applied was a band-pass filter removing frequencies below 100
Hz and above 3000 Hz.

3.3 MFCC Approach

In order to extract the MFCCs from the source separated files, the Librosa
Python library [35] is used. The MFCCs approach was configured with 20
MEFCC coefficients, a 40 ms window length and a hop length of 20 ms. This
resulted in a data vector with 20 values per time step, and the number of
time steps being dependent on the length of the song. Principal Component
Analysis (PCA) plotting of the MFCC values of the different songs was added
for debugging purposes, visualizing the distribution of the most significant
feature values of the vocals. This was solely done to provide insight into
the performance of the approach. Since the distributions seemed to vary
depending on the singer, this method was further developed.

In order to model the characteristics of the vocals, we added 20 single-
component GMMs for each song. The means and covariance matrices of the
GMMs were then used to calculate the KL divergences in order to determine
the similarities between the different vocals. These calculations resulted in
a matrix of non-symmetrical similarity values between the vocals present in
the dataset. Using Multi Dimensional Scaling (MDS) to reduce the matrix
to two dimensions, the similarities of the songs could be plotted in a graph.
These graphs showed some massive outliers. The same method was then
tested on a subset of the ’other’ dataset with the outliers removed, which
made the distribution slightly better but still not showing any distinct clusters.
Increasing the number of components used in the GMMs was briefly tested as
well, but was dropped due to it not substantially improving the results while
having the terrible time complexity of the Monte Carlo method. In order to see
if there was an issue with the dimensional scaling, t-SNE was tested as well
as UMAP as ways of reducing the dimensionality of the data instead of using
MDS. Both algorithms slightly reduced the number of outliers, but still did not
distribute the vocals in any proper clusters. This was however implemented
using the KL divergence matrix as coordinates for the clustering instead of
using it as a distance metric. This implementation error was due to the small
number of negative values in the matrix making the algorithms crash when
using it as a distance metric, but it was not discovered at this point. Instead
additional remediating steps were taken in an attempt to improve performance.

As a first attempt to improve performance the number of features were
changed to use more or fewer MFCCs per time step, as well as including, or
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only using, delta values of the MFCCs to provide more context. The spectral
contrast feature from librosa was also tested briefly, before implementing a
bandpass filter that removed the low-end and high-end of the vocals.

Using Audacity [36], a long time average spectrum was used to compare
the frequency distribution between the outliers and the more clustered points.
From this, it seemed as if the variation of the mixing of the songs shifted
the overall spectral slope resulting in widely different MFCC-distributions,
especially if the high-end was boosted. To remove the impact of these mixing
differences, the vocals were processed to remove the low and high end using a
low-pass and a high-pass filter. Frequencies below 100 Hz and above 3000
Hz were removed, as described in section 3.2.2. While providing slightly
improved results in reducing outliers compared to the first method, these
changes to the method did not seem to work as consistently as would be
required if it were to be used on the large Al-generated dataset. Therefore
different approaches using pre-trained deep-learning models were explored
instead.

3.3.1 Correcting errors in multi-dimensional scaler
implementations

When re-running the scripts in order to generate graphs for this thesis, we
discovered issues with the implementation of the multi-dimensional scaling
in combination with the KL divergence. The algorithms had previously
failed to run when using the precomputed distance matrix parameters due
to the Jeffrey’s divergence matrix having negative values in some slots. At
closer inspection these values seemed to only appear on the diagonal and
were very close to zero. To fix this, they were replaced with zeroes. With
these modifications the original approach performed significantly better on
the ’other’ dataset.

The corrected MFCC method was then applied to a larger subset of Al
songs, 2000 from Udio and 2000 from Suno. During this run only 10 MFCC
coeflicients were used in order to speed up the KL divergence process, though
that might not have had a significant impact on the execution time. The method
also differed in that the MFCCs were created from the processed vocals using
torchaudio rather than librosa for this experiment. The results from these
additional tests were not very exciting, and can be seen in fig. A.l in the
appendix.
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3.4 Pre-trained model approach

After multiple configurations of the MFCC approach had been tested, it was
believed the lack of performance could be due to the MFCC features not being
able to take into account the differences in mixing between different songs and
artists. To combat this, pretrained speech and speaker recognition models were
explored, before finding a singer representation model that finally provided
distinct clusters on the ‘other’ dataset.

3.4.1 HuBERT models approach

When looking for suitable deep learning based pretrained models, we initially
found HuBERT by Facebook Research [37]. It is fine tuned on speech
recognition rather than speaker or singer recognition but was tested to
determine if the method provided a better distribution for clustering than the
MFECC approach. Using this model involved cropping the first 40 seconds of
the audio to allow the model and audio to fit in the Video Random-Access
Memory (VRAM) of the local testing computer as well as transforming the
input data to tensors. It also involved using the last hidden layer to get the
embedded features of the input audio as a tensor. This was then fed through the
same process as before; creating GMMs and calculating KL divergence, but
was changed to use logarithmic values due to the large number of values close
to zero in the KL divergence calculations. The multivariate single component
GMM was used with covariance type set to ‘full” and the KL divergence matrix
was used to create a Jeffrey’s divergence matrix with the diagonal set to zero.
The Jeffrey’s divergence matrix was then used as a distance matrix for UMAP
and t-SNE, with their metrics parameters being set as precomputed. The
results did not perform well enough to allow proper clustering, but seemed
to have fewer problems with outliers compared to the MFCC model approach.
Therefore the HuBERT SUPERB SI model was tested, as it is a fine tuned
HuBERT model created for speech identification benchmarking [38]. We
tested this model because speaker identification have applied similar methods
to singer identification in previous research and it required minor changes to
the program in order to test. Due to VRAM limitations only the first 30 seconds
of each vocal was used for this model, resulting in a max vector size of 1499
by 1024, compared to the 1999 by 1024 shape of the original HUBERT model.
As this model provided results very similar to the previously tested HuBERT
model, similar approaches using more singer and music tuned models were
explored.
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3.4.2 Singer representation model approach

Since the HUBERT model approach seemed promising but did not perform as
well as hoped, we explored other models. Torres et. al. [27] had trained and
compared four different singer representation models, with the ‘BYOL" model
having consistently good results on vocal-only content with a sample rate of
44.1 Hz. We therefore picked it as the next model to test.

The input and output shapes of these models differed to the HuBERT
models by providing a 1000-length vector independent of the input length.
These output values are a feature representation that corresponds to a point
in a 1000-dimensional space. In this space the pairwise distances between all
songs are calculated in order to find the closest neighbors, as well as to cluster
the vocals in similarity. Therefore no GMMs or KL divergence calculations
are needed. However, UMAP and t-SNE is still used for dimensionality
reduction in order to create the visualizations in two dimensions. As with the
SUPERB model, the first 30 second of the extracted and preprocessed vocals
were used for testing to allow the model and the data to fit in the VRAM of
the local testing computer.

This approach seemed to provide decent results on both the ’other’ dataset
as well as on a subset of the Al generated songs, as can be seen in fig. A.2 in
the appendix. Steps were therefore taken to be able to run the entire Suno and
Udio datasets on the GPU server, as well as to perform the final tests.

3.5 Experiments on the Suno and Udio
datasets

The final tests performed on the Suno and Udio datasets were run using the
‘BYOL’ singer representation model. When scaling the data from roughly
1000 songs to around 90000, some issues arose with the processes that were
CPU-heavy. The Sci kit Python library was replaced with similar functions
that ran on the GPU and most Numpy functions were converted to its PyTorch
equivalents. With the increased available VRAM the full songs were able to
be used for the ‘BYOL’ model.

For doing clustering, K-medoids was chosen due to there being existing
libraries that ran on the GPU, as well as it assigning a center point of a specific
song for each cluster. The elbow method was used in order to find the optimal
number of clusters, with Dunn index and Davies-Bouldin score being the
heuristics measured. When testing the Suno dataset, the number of clusters
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were increased by one for each step at first. This resulted in an unnecessarily
high degree of accuracy and was decreased slightly for the Udio dataset.

An interactive plot was then created to allow for playback of the processed
vocals, as well as traversal of the dataset. This made it possible to find the
closest neighbors of each song. We also converted the final audio pipeline
to be able to run as one script in order to more easily be able to compare
individual songs to the rest of the data. Finally the data was also compared to
the "other’ dataset in order to see how the real voices placed in relation to the
generated ones.

3.6 Technologies used

Python 3 was used as the programming language for the data processing,
together with the libraries numpy, sci kit-learn and Pytorch (including
torchaudio) for scientific calculations, together with CUDA. Librosa was used
for generating the MFCCs for the initial algorithm. Pydub was used for
importing, exporting and preprocessing of the mp3 files. For data management
of the different datasets and filepaths, Pandas was used. For visualization,
matplotlib was used. Hugging Face and Hugging Face Hub was used for the
HuBERT and the ‘BYOL’ singer representation model.

For testing on the entire Suno and Udio datasets a server running 6 GPUs
was used. On this server which had 40 CPU cores, a Docker instance was used
for the project and was connected to one NVIDIA 3090 GPU. Local testing on
the ‘other’ dataset and a subset of 500 songs from Suno and Udio was done
on a NVIDIA 1060 6GB and Ryzen 1600 with 16 GB of RAM. Additionally
Python’s http server package was used to generate and interact with the large
Suno and Udio graphs drawn using plotly.

The RAPIDS cuML library [39] was used for running UMAP on the
GPU to significantly speedup the process, and the kmedioids library’s [40]
FasterPAM implementation was used for clustering. For running the MFCC
approach on the GPU servers, torchaudio’s MFCC implementation was used
instead of librosa.
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Chapter 4

Demonstration and Analysis

The demonstration chapter is split into two parts. The first presents the
intermediary results from the different approaches tested, and the second
shows the results when testing the ‘BYOL’ singer representation model on
the Suno and Udio datasets.

The ‘BYOL’ singer representation model seemed to be the most promising
model on the initial tests, especially with the use of UMAP as dimensional
scaler. The correctly implemented version of the MFCC approach also
provided somewhat distinct clusters, while the other tests — whether they used
bandpass filters or not — showed very limited success. When testing the singer
representation model on the Suno and Udio datasets, the model provided much
less distinct clusters compared to the previous tests. Similarly, the K-medoids
clustering had difficulty accurately determining the distinct number of voices
in the datasets. However, manual testing did provide some success, with
certain clusters of distinct voice characteristics being discovered. A distinct
separation between male and female voices was discovered when analyzing
the graphs, as well as certain clusters containing specific styles of vocals such
as rap vocals or heavy metal growls.

4.1 Results on the dataset of real singers

Initially the results of the MFCC approach as seen in fig. 4.1 seemed quite
bad, with a lack of separation between individual data points and no distinct
clusters. This indicates that the dimensional scaler is not being able to
reduce the dimensions correctly or that the underlying data has very weird
structural properties. This result was however produced with the incorrect
implementation of the dimensional scalers. After fixing the implementation
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the result instead shows that the non band-pass filtered approach creates much
more distinct clusters with clear separation between them compared to both
the filtered implementation and the incorrectly configured scalers, as can be
seen in figure 4.2.

When this is compared to the HuUBERT and SUPERB pretrained models as
seen in fig. 4.3, their results are much less clearly separated than the correctly
implemented MFCC approach, while still being better than the incorrect
implementations that were created during the initial experiments. The fact
that the models were created for speech and speaker recognition and not singer
identification likely negatively impacts their performance in regards to singer
representation modeling. It is however interesting to note that both models
seem to have a separate somewhat distinct cluster of ‘Veronica Maggio’ songs.

With the ‘BYOL’ singer representation model the results as seen in figure
4.4 are similar to that as seen in the working MFCC implementation in fig.
4.2. Both the t-SNE and UMAP projections show clear clusters, with them
being more clearly separated when using UMAP. Between some clusters the
separation is less clear, with multiple Justin Bieber songs blending into the
surrounding clusters that contains mostly female singers. The same is true for
some Dua Lipa songs, landing between the cluster of Ed Sheeran and Justin
Bieber. One such Dua Lipa song is the song ‘Sean Paul - No Lie (ft. Dua
Lipa)’. The song features mostly Sean Paul’s vocals for the first 40 seconds,
which could explain its position in the plot. The incorrectly clustered songs
in the cluster of Veronica Maggio is five Justin Bieber songs, all released in
2010 and 2011, as well as one song released by Benjamin Ingrosso that has a
female voice as the only vocal content. Benjamin Ingrosso also has a separate
distinct sub cluster featuring songs from the album ‘Live at Konserthuset
Stockholm (with the Royal Stockholm Philharmonic Orchestra)’ as well as
the track ‘IKNOW IKNOW’ which features quite a lot of reverb. In general
the plot seems to be roughly divided in two parts, with male singers on one
side and female voices on the other.

4.2 Udio and Suno

The final processed dataset consists of 51693 Suno songs and 46043 Udio
songs, resulting in a total of 97736 points in the final graph, as can be seen
in fig. 4.5. The overall distribution is split quite evenly in four quadrants,
with minor clusters in the middle and along the edge of the distributions. As
can be seen in the zoomed out subfigure, there is a large cluster of outliers
significantly above the rest of the distribution. When performing a listening
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(b) The visualization of songs without a bandpass filter.
Figure 4.1: Scatter plots visualizing the MFCC algorithm clustering of

the ‘other’ dataset with the incorrect implementation of KL divergence
calculations projected with t-SNE. More separated distinct clusters of colors
indicates better separation in the higher dimensional space.
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(b) The visualization of songs without a bandpass filter.

Figure 4.2: Scatter plots visualizing the MFCC algorithm clustering of the
‘other’ dataset where a symmetrization of the KL divergence matrix has been
applied. More separated distinct clusters of colors indicates better separation
in the higher dimensional space.
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(b) The visualization of songs using the SUPERB model.

Figure 4.3: Scatter plots visualizing the HUBERT and SUPERB algorithm
clustering of the ‘other’ dataset where a symmetrization of the KL divergence
matrix has been applied and then scaled using t-SNE. More separated distinct
clusters of colors indicates better separation in the higher dimensional space.
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(b) The visualization of songs where using UMAP as the dimensional scaler.

Figure 4.4: Scatter plots visualizing the ‘BYOL’ singer representation model
clustering of the ‘other’ dataset scaled using t-SNE and UMAP. More
separated distinct clusters of colors indicates better separation in the higher
dimensional space.
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test on this cluster, the songs feature large amounts of audio artifacts such
as clicking and popping noises. In the large distribution across the four
quadrants there is a distinct separation between songs generated by Suno on
the left and Udio songs on the right, as well as a mostly vertical separation
between male and female voices. The smaller clusters along the edges feature
more unique characteristics. The bottom right of the Udio cluster feature
a lot of male rap vocals, while the bottom left instead have a lot of heavy
metal characteristics with growl like vocals. The cluster in the very center of
the graph of both Udio and Suno songs consist of audio that contain mostly
stem separation artifacts and reverb, with very little correctly separated vocal
content. Compared to the large distorted cluster far above the rest of the graph,
this cluster contains a lot less of the clicking noises and instead contain source
separation misclassifications such as trumpet sounds or vaguely voice adjacent
noises. To the very right of this cluster at origo, there is a cluster of choral
music generated by Udio. In contrast, the clusters in the Suno dataset seem
much less distinct, with the voices not being as specifically tied to certain
genres. The green cluster of Suno songs above the rest of the graph in the
zoomed in plot seem to be female ballads. There is also a cluster of heavy
metal voices present in the bottom right of the Suno dataset, adjacent to the
Udio metal cluster, but otherwise it seems much less varied in terms of voice
characteristics.

When processing the Suno and Udio datasets separately as seen in fig. 4.6
and 4.7, the 4 clusters disappear and the overall spread seemingly increases.
The distorted data is still present in its own cluster for both two datasets and
can be seen in the zoomed out visualizations.

For the Suno plot in fig. 4.6, the green cluster consists of audio clips that
are either distorted or consist mostly of source separation errors. The blue
cluster contains mostly female voices while male voices are in the red clusters.
The separate red cluster with some blue songs in the top right appear to not
have as much high end content as the most other Suno songs have, making
them appearing slightly less breathy. Otherwise it is quite difficult to find any
distinct patterns among the songs in the UMAP projection.

In the Udio plot in fig. 4.7, the blue clusters contain songs that that have
little to no vocal content as well as songs that mostly contain heavy metal
growls or distorted data. The green cluster generally consist of male vocals,
while the red is mostly female. In the top right there is a mix of blue and
green points that form a small cluster that consist of heavy metal songs. In the
top middle there is a grouping of green points that mostly contain rap vocals.
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In the bottom of the red cluster there are heavily processed vocals that sound
similar to those present in nightcore music.

The UMAP visualizations of the datasets appear to not closely align with
the euclidean distance of the higher dimensional output space of the ‘BYOL’
model. When traversing the graph by highlighting the euclidean neighbors of
the songs, they very rarely appear as the closest points in the UM AP projection.
This makes the information gained from analyzing the UMAP plots quite
limited, since the projections do not closely resemble the underlying data.

4.2.1 Clustering performance testing

The result of the running the K-medoids clustering algorithm on the Suno
dataset indicates that the clustering is not great. A higher Dunn index indicates
better clustering. As can be seen in 4.8, the Dunn index is consistently below 1,
with the best clustering being 3 groups of singers. This is likely not tied to the
voices of the individual artificial singers in the dataset, but rather if the voice
is male or female, or in the cluster of distorted data. Similarly you can see
a decrease in the Davies-Bouldin (DB) index for three groups. Interestingly
however, you can see a rapid increase in the DB index for when the number
of groups are above 25, going from 2.51 to 1136 in one step. Similar patterns
of mediocre performance and rapid increases around 26 clusters are visible in
the Udio plots as well, as can be seen in fig. 4.9.

As seen in the zoomed out plots in fig. 4.6 and fig. 4.7, the clusters are far
from ideal. For the Suno plots, the green separate cluster to the right is a cluster
that contains songs that have been distorted by errors in the audio pipeline. The
green cluster below are songs with artifacts from the vocal separation, where
they seem to not contain any real lead vocals. The red cluster contains mostly
male voices, while the blue cluster is mostly female. For the Udio plots the
green corresponds to male voices, the red to female ones and blue to mostly
data issues. However a large part of the blue area to the bottom right seems
to contain a lot of choral voices, or songs with a lot of reverb effects. There
are also two small but distinct separate clusters, one green and one red to the
bottom and bottom left of the large clusters. They seem to be iterations of two
different songs, where there were enough versions for them to create their own
cluster in the UMAP dimensionality reduction.
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Figure 4.5: Scatter plots visualizing the ‘BYOL’ singer representation model
results of the Suno and Udio datasets dimensionally scaled using UMAP.
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(b) Zoomed in visualisation of Suno songs using 3 clusters with k-medoids

Figure 4.6: Scatter plots visualizing the ‘BYOL’ singer representation model
k-medoids clustering of the Suno dataset scaled using UMAP.
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(b) Zoomed in visualization of Udio songs, using 3 clusters with k-medoids

Figure 4.7: Scatter plots visualizing the ‘BYOL’ singer representation model
k-medoids clustering of the Udio dataset scaled using UMAP.
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Chapter 5

Discussion

From the results of the clustering, we found no distinct voices using the
current implementation of the method. The Dunn and Davies-Bouldin indices
indicate that three groups are optimal for both the Suno and Udio datasets.
Through listening tests there is however a much larger population of voices
within the datasets. The output of the ‘BYOL’ singer representation model
seems to reflect this. When processing a real vocal from the ‘other’ dataset
and qualitatively comparing it to the closest songs in the Suno and Udio
datasets, the vocals often share some characteristics. As the euclidean distance
from the reference song increases, the perceived difference in the vocals also
increase. The same is true when comparing Al generated songs to each other.
Interestingly though, the closest songs are rarely the closest dots in the UM AP
projection, instead spanning over a much larger area in the 2D graph. This
indicates that while the clustering and the UMAP projections might not be
great, the ‘BYOL’ singer representation model seems to be working.

5.1 Clustering performance

Qualitatively when doing sample tests the model performs quite well, but
according to the quantitative testing it is not possible to discern distinct voices
through objective measurements. It is possible that other clustering methods
— such as HDBSCAN — could provide significantly better quantitative
results, since it seems to exist minor clusters of voice types in the data that K-
medoids do not cluster distinctly. Another possibility is that that the heuristics
used do not handle such large datasets well. The rapid increase of the Davies—
Bouldin index at 26 groups for both datasets is mysterious and could indicate
such. It is also possible that using the euclidean distance as the distance
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metric for the K-medoids clustering in the 1000-dimensional space does not
relate well to human hearing and therefore does not map accurately to the
clusters. If there are certain dimensions that more closely match the human
perception or the overall distribution of the voices, they should perhaps be
given more weight in the clustering. The problem space could be too complex
for such a relatively simple algorithm as K-medoids. Running t-SNE or
UMAP for dimensionality reduction to some lower dimensional space before
the clustering could perhaps emphasize some inherent clusters in the data, but
using other clustering methods likely has a more significant impact on the final
performance.

5.2 Suno and Udio split

The split between the Suno and Udio songs in the graph containing both
datasets is quite significant. While there are acoustic differences between the
two models that become apparent for avid listeners of Al music, the differences
are much less clear than that between a male and female vocalist. As such, the
UMAP projection where both datasets are shown likely does not reflect the
overall vocal space of the voices involved. Including a much larger dataset
of real voices and comparing the Suno and Udio UMAP projections to that
would better visually indicate the vocal space and how the two models relate
to each other. However, the projection is then likely to simply reflect some
other acoustic property that varies throughout the dataset, that might not be
reflecting our perception of it.

5.3 Issues with the source separation

As can be seen in the zoomed out plots with Suno and Udio data, there
is a cluster of points that are songs that have been distorted in the audio
pipeline. The artifacts appearing in those files indicate there has been a sample
rate conversion error. When looking at the intermediary files of the audio
pipeline, it appears the distortions were created in the source separation step.
Additionally, songs without these distortions that contained no vocals were
still present in the dataset due to other source separation artifacts. Trumpets,
flutes, certain synths and parts of drums appear in a lot of the processed vocal
stems. Overall these artifacts seem more common in the artificially generated
music compared to the dataset of real songs, although that perception could
be mostly from the large difference in quantity between the datasets. Because
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the distorted files are not removed in the pipeline and are included in the
clustering and the UMAP step, they still affect how the UMAP algorithm
distributes the points in the final plots. They also affect how the K-medoids
clustering is done. However, they do not affect the steps where the songs are
processed independently of each other, which are all the steps leading up to the
clustering. The underlying coordinates created by the ‘BYOL’ representation
model should still be correct, for all the samples that have not been distorted.
The pairwise distance between the songs should therefore also be accurate.

5.4 UMAP

From manual testing it is quite clear that the UM AP projection is too much of
a simplification for the data. When traversing the data by repeatedly selecting
the closest or the second closest song, the jumps in the projected space are
often quite large. It is likely that the complexity of a voice encoded into
1000 parameters is too complex to accurately map down to two variables and
that a greater projection space would provide better insight into the actual
distribution of the data. It could therefore be interesting to change the number
of dimensions UMAP maps down to, to perhaps 3 or 4, in order to see if the
higher dimensional clusters then appear more visible.

5.5 Improvements to the MFCC method

It is unfortunate that the correct implementation of the MFCC method was
discovered quite late in the thesis project timeline, as a more comprehensive
study comparing the methods could prove interesting. Using more than 10
MFECC coefficients during the Suno and Udio tests could also have improved
the performance of the model, or at the very least, made it more comparable
to the 20 used in the "other’ tests. The result of these minor tests can be seen
in the appendix in figure A.1. Additionally, it would be interesting to see if
increasing the number of components of the GMMs provides better results
than what this study achieved. A more advanced algorithm for finding the KL
divergence would need to be implemented since the time complexity of the
Monte Carlo method otherwise makes it infeasible on a large dataset. It is
also possible that the fix of using a symmetrized Jeffrey’s divergence version
of the KL divergence with the diagonal set to zero is not the most suitable
for this purpose. The changes were made because the deviations from zero
seemed like rounding errors and it seemed reasonable that the divergence
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metric from a distribution to itself should be zero. Other divergence metrics
could perhaps yield better results, but the current implementation is at the very
least an improvement to the previous incorrect implementation.

5.6 Ethical considerations regarding Dataset
usage

The dataset of real singers was acquired without explicit permission for
research purposes. Due to the copyright on the songs, the dataset will not
be shared in the study and is solely used for testing and verification purposes
of the method. No training of the models used have been done on the data,
since the deep learning models used in this study are pre-trained local models.

The Suno and Udio datasets were created by scraping data from the Suno
and Udio discover platforms. This data has explicitly been published by
the users who wrote the prompts that created the content. While express
permission for usage in the study or dataset has not been given by the users,
choosing to publish the songs and prompts have made them publicly available
at the time of the data gathering. Not asking the users for permission to include
this content in the study could be ethically problematic, but is likely permitted
given EU regulations [9].

The legal aspect regarding the copyright of the generated songs is not
determined yet. A court in Czechia ruled that due to the limited creative input
and control in the creation of an image created through a prompt to an Al,
the user should not be given copyright over the image created [41]. In the
EU, the copyright law has been largely harmonized [42]. As such, it could be
argued that a similar case in Sweden would result in a similar outcome. If — as
Suno and Udio have previously stated — the Al models have been trained on
copyrighted works without the artists’ explicit permission [6, 7], sharing these
Al generated songs that have been indirectly created through usage of their
songs could be ethically questionable. Parts of this study could also be used
for finding what prompts created similar voices to real artists which in turn
could be detrimental to the original artists. However, the same process could
be used to determine if the Suno and Udio models have recreated the singers
real voices without permission and indicate if the models have been trained
on the artists’ vocals. This dataset and study could therefore help inform the
artists potentially present in the dataset.
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Chapter 6

Conclusions and Future work

6.1 Conclusions

In conclusion, no distinct number of unique voices in the Al-generated music
could be found. This is likely partially due to the chosen clustering method,
K-medoids, not being able to handle the large number of dimensions of the
output space well. The result was also highly impacted by audio artifacts
created in the audio pipeline, most likely from a sample rate conversion error
in the stem separation process. However, through qualitative sampling tests as
well as testing the pipeline using real songs the overall method does provide
promising results. The songs closest to each other in the output space often
share similarities that become less prevalent when comparing songs further
apart. Interestingly the method accurately separates male and female vocals,
as well as the songs generated by Udio from the Suno songs. This is likely
due to sonic characteristics of the audio that not necessarily relate to how a
listener would perceive the singing voice, but instead are due to biases in the
models. Another noticeable pattern in the final graph was that effects such
as reverb seemed to have a significant impact on the positioning of the audio
files, grouping songs with large amounts of reverb together with choral music.

6.2 Future Work

There are multiple interesting extensions that could be made to this study.
Besides removing the vocal files with audio artifacts, other data processing
steps to further emphasize the vocals could impact the performance of the
model. This is mainly due to the difference in mixing between different songs.
Running dereverberation algorithms could decrease this difference in mixing,



38 | Conclusions and Future work

which in turn could decrease its impact on the ‘BYOL’ model’s representation
of the audio.

Testing other embedding models such as LAION CLAP [43] could prove
interesting, especially since it allows for comparing the artificially generated
songs’ audio representations to their textual prompts. Similarly, a study
comparing the distance from a generated song mentioning a specific artist
in its prompt to songs of the original artist could show how closely the
Al models recreate an existing artist’s vocals. Additionally, using a larger
dataset of real vocals for comparison in the final plots could better visualize
potential limitations of the range of generated vocals, illustrating voice
characteristics that the models have not yet generated. Testing other types of
voice representation models could also prove as an interesting minor extension
to this project.

Expanding the MFCC method tests to include more Al generated songs
than 4000 as well as more GMM components would likely be one of the best
extensions to this study, since those test runs were quite limited. This would
more properly test the initial approach proposed in this study. Due to the time
complexity of finding KL divergences, it is not likely for this method to in
practice be suitable for voice comparisons of large datasets. If it was done
however, it would allow for better comparisons between the more traditional
audio analysis method and the deep learning model based approach tested in
this study.

Finally, testing other clustering methods besides K-medoids could
significantly improve the final results and provide a concrete answer to the
question of how many voices there are in the Suno and Udio datasets. From
the lack of patterns in the data illustrated in this study, it is however unlikely
there are any distinct voices in the two datasets.
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Appendix A

Additional Figures

This appendix contains graphs from the MFCC test runs on the Suno and Udio
datasets (see fig. A.1), as well as additional intermediary graphs that were used
for evaluating the audio pipeline on the subset of 1000 Suno and Udio songs
(see fig. A.2).

To interact with some of the visualizations yourself visit: https://gith
ub.com/torenylen/thesis-plots.

If you want to contact me about this paper I recommend using my personal
email: torenylen (zero zero) @ gmail (dot) com.


https://github.com/torenylen/thesis-plots
https://github.com/torenylen/thesis-plots
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(a) Visualization of Suno and Udio songs, using t-SNE as projection method.
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(b) Visualization of Suno and Udio songs, using UMAP as projection method.
Figure A.1: Scatter plots visualizing projections of the MFCC approach on a

subset of 4000 songs from the Suno and Udio datasets. Green is Suno and red
is Udio.
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(a) Visualization of the distribution of the three datasets, with light green being Suno,
red being Udio and blue being the real vocals.
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(b) Visualization of the distribution of the three datasets as well as the different singers
in the ‘other’ dataset. Dark red is Udio songs while dark orange is Suno. Light blue
is Veronica Maggio, clear blue is Dua lipa, dark blue is Benjamin Ingrosso, cyan is
Adele, mustard is Justin Bieber and lime is Ed Sheeran.

Figure A.2: Scatter plots visualizing the real singer dataset and the subset of
1000 Suno and Udio songs, processed using the ‘BYOL’ singer representation
model and t-SNE.
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