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Designing Loss Functions for Learning Sound Timbre Audio Representations in
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A Loss Function Perspective for Learning Audio Synthesis Representations

Ipek Korkmaz
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Chalmers University of Technology and University of Gothenburg

Abstract

This study investigates the effect of audio-related loss functions, audio feature
extraction methods, and the addition of a synthesis layer on the reconstruction
quality and latent space organization of variational autoencoders (VAEs). Three
different experiments were conducted to address these questions. The first experiment
suggests that different audio-related loss functions do not lead to significant differences
in performance, aside from requiring different training durations. Additionally, in
the second experiment, while adding a synthesis layer does not substantially improve
reconstruction quality, it generally helps the model converge faster during training.
Finally in the third experiment, which focuses on feature extraction methods, Mel-
Frequency Cepstral Coefficients (MFCC) performed slightly better in terms of
reconstruction quality. These findings can potentially guide architectural choices for
effective audio representation learning in VAE-based models.

Keywords: timbre representation, audio feature extraction, generative models, varia-
tional autoencoder.
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1

Introduction

Vibration in a physical environment produces sound [1], and consistent, recurring
sound patterns form rhythm [2] which is a fundamental aspect of music. Nowadays,
rhythm and sound design are frequently produced using electronic music instruments.
One common electronic musical instrument for production and sound design is
synthesizer [3], which can be either analog, digital, or a hybrid of both. The fact that
every calculable function can be applied by digital synthesizers makes them popular
due to limitless capacity of sound production [1]. A typical example of a digital
synthesizer is frequency modulation (FM), which is a set of methods for artificial
sound creation [4].

The rich sounds generated by synthesizers can be used to form rhythms. An example
is Patternarium [5], which is a set of rhythms generated by computers. It uses
evolutionary computation to generate unique rhythms. This is done by combining
two patterns in each generation to produce new rhythms for every offspring.

1.1 Background

Designing and shaping timbres through synthesizers is a part of sound design process
which is an artistic practice. However, the use of synthesizers needs background
knowledge due to their complexity and large number of parameters [6]. These can be
time consuming, as producers must first learn how to use the synthesizer. Moreover,
synthesis parameters are not always connected to the musical aspects and qualities.
As exploring vast sound spaces through synthesis parameters takes time, creating a
timbre feature space that users can intuitively explore and that reveals relationships
between different timbre characteristics can help musicians and producers focus more
on their artistic expression rather than technical adjustments.

Deep generative modeling can enable musicians and producers to explore an abstract
space of sounds in a more organized way, where similar sounds are positioned closer
together. For instance, in this project, a machine learning model, specifically a
Variational Autoencoder (VAE), is trained using synthesizer parameters to create a
feature (latent) space of timbral characteristics. In this way, musicians and producers
can easily generate new sounds in the style they desire by navigating this latent
space. However, there are various ways to introduce audio characteristics to the
model, such as different audio-related loss functions and audio feature extraction
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methods. Therefore, this project focuses on finding the best approach for creating a
timbre space using a VAE.

1.2 Purpose of the Project

This thesis aims to explore how generative models can be used for audio synthesis
parameter modeling, focusing on timbre representation. A VAE model is developed
and trained to learn a latent space of timbral features using differentiable audio
synthesis techniques.

This project focuses on analyzing how different design choices impact the quality
of audio reconstruction and the latent structure of timbre. These choices include
experimenting with various audio loss function formulations and exploring different
audio feature extraction methods.

The primary objective of a machine learning model is to minimize the value of a loss
function. The loss function defines how a model optimizes its parameters to best
fit the data. By evaluating the loss, the model gains insight into its performance,
specifically, how adjustments to its parameters can lead to improved outcomes.
Consequently, the choice of loss function significantly influences the model’s ability
to learn from data. Therefore, modifying the formulation of the loss function and
the audio feature extraction methods used in the loss function, can have a significant
impact on model performance.

The VAE model used in this project is trained using the parameters of a digital
synthesizer. However, these parameters are not necessarily directly related to audio
features. For instance, some synthesizer parameters may influence the sound in a
nonlinear manner, while others may have a linear effect. Therefore, the purpose of
employing audio feature extraction methods is to provide the model with deeper
insight into the characteristics of the audio signal.

The goal of this project is to enable the model to develop a deep understanding of
audio timbre features and their interrelationships by leveraging different audio-related
loss functions. Additionally, the project aims to effectively encode and reconstruct
audio features using a VAE. Achieving these objectives has the potential to support
more intuitive and expressive sound design workflows in the future.

1.2.1 Research Questions
The project aims to answer following research questions:

« RQ1: How do different audio-related loss function formulations influence the
reconstruction accuracy and organization of the latent space in variational
autoencoders for audio synthesis?

o RQ2: What is the influence of different feature extraction methods on the effec-
tiveness of variational autoencoders in representing timbre for audio parameter
reconstruction?
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The first research question focuses on designing and evaluating different loss function
formulations to identify the most effective approach for integrating audio features
into the model. Specifically, it investigates how these varying definitions influence
reconstruction accuracy and the organization of the latent space. In this context, the
study assesses the contribution of not only the classical loss components of the VAE,
but also audio-specific loss terms, in order to enhance the model’s performance.

The second research question aims to identify the most effective audio feature
extraction method for capturing timbral characteristics of sound. Particularly, it
explores how different representations of audio, derived from various feature extraction
techniques, influence the reconstruction quality within the latent space of the VAE.
Therefore, this research question seeks to determine which feature extraction methods
enable the VAE to learn more essential and musically useful representation of sounds.

1.2.2 Contributions

This project aims to contribute to the field of deep learning for music by developing
and analyzing a VAE-based model for audio parameter reconstruction. Specifically,
it investigates how different audio-related loss function formulations and audio
feature extraction methods affect the model’s reconstruction accuracy and the
structure of its latent space, including aspects such as cluster formation and continuity.
Additionally, the VAE model employed in this project is relatively lightweight
compared to commonly used models in the audio synthesis literature, making it more
environmentally friendly and computationally efficient.

This research may benefit stakeholders such as musicians, sound designers, and
researchers by providing deeper insights into the timbral characteristics of sound.

1.3 Limitations

The most significant limitation of the project was the restricted timeframe. Due
to time constraints, existing libraries such as TorchSynth were utilized for sound
generation and synthesis. As a result, the digital synthesizer used in this project was
not developed from scratch but was based on pre-existing implementations.
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Theory

This chapter describes important concepts related to the project. Section 2.1 provides
essential parts of a synthesizer. Section 2.2 covers important audio feature extraction
methods concepts for the project. Section 2.3 explains autoencoders, with a focus
on variational autoencoders. Section 2.4 describes latent space and how it can be
visualized. Section 2.5 explains a clustering algorithm. Finally, Section 2.6 describes
methods for evaluating the quality of both clusters and generated audio.

2.1 Synthesizer Components

Synthesizers typically consist of various components that work together to produce
sound. This section explains some of the most common components, including
Voltage-Controlled Oscillators (VCOs), Voltage-Controlled Amplifiers (VCAs), and
time-variant controllers such as Attack, Decay, Sustain, and Release (ADSR) en-
velopes, as well as Low-Frequency Oscillators (LFOs).

2.1.1 Voltage-Controlled Oscillator

The essential sound generation component in a synthesizer is the oscillator. A digital
oscillator can produce waveforms in various shapes, such as sine, triangle, square,
and sawtooth waves. These waveforms are generated at a specific frequency, which
determines the pitch of the sound. Controlling the pitch with an arrival voltage
signal is typically managed by a Voltage-Controlled Oscillator (VCO) [7].

A simplified illustration of a VCO is shown in Figure 2.1. This diagram illustrates
that the VCO takes a control voltage as input and produces a corresponding frequency
(audio signal) as output. The level of the control voltage affects the pitch of the
sound: higher voltages result in high-pitched sound, and lower voltages result in
low-pitched sound.

2.1.2 Voltage-Controlled Amplifier

One of the primitive components of a synthesizer is amplifier that regulates signal’s
amplitude or level [8]. A common amplifier is a Voltage Controlled Amplifier (VCA),
which uses control voltage to estimate its gain [9)].
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Frequency
Control
Voltage

Figure 2.1: Simplified illustration of a VCO.

A simplified illustration of a VCA is shown in Figure 2.2. This diagram demonstrates
that the VCA takes both a control voltage and a frequency (audio signal) as inputs
and outputs the same frequency with a modified amplitude. The control voltage
determines the amplitude of the output: higher voltages result in louder sounds,
while lower voltages produce quieter sounds.

Control Voltage

Amplidute

Figure 2.2: Simplified illustration of a VCA.

2.1.3 Time-Variant Controllers

The synthesis components responsible for shifting the sound over time are called
time-variant controllers, also referred to as envelope generators. They do not generate
any sound themselves, so they are not audible, but they affect the sound. Therefore,
the output of time-variant controller is referred to as control signal [8].

Commonly used time-variant controllers in synthesizers include attack, decay, sustain,
and release (ADSR) and low-frequency oscillators (LFO).

2.1.3.1 Attack, Decay, Sustain, and Release

A common method of synthesizing sound is to change the envelope of the sound.
Envelope expresses the shift in sound throughout its duration [10]. One of the
procedures of synthesizing sound using envelope generators is changing ADSR
parameters; attack, decay, sustain, and release. Description of these parameters from
[11] as follows: Attack is the time period from 0 to highest amplitude. Following the
attack phase, the decay is the time period that amplitude decreases from highest
amplitude to sustain level. Unlike other parameters, the sustain is not the a period,
but the amplitude level that remains constant. Release is the time period during
which the amplitude level decreases to 0, starting from the release of the key. An
example of ADSR is shown in a waveform in Figure 2.3.

6
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Amplitude
A
< Key pressed——— > <—Key released—>
Sustain
N . . —>»  Time
<€—Attack—P€——Decay—> Release

Figure 2.3: An envelope showing ADSR parameters.

2.1.3.2 Low-Frequency Oscillators

A Low-Frequency Oscillator (LFO) adjusts parameters of other modules such as
oscillators, filters, or amplifiers based on its control signal. Although the LFO outputs
a waveform, its frequency is below the range of human hearing, so it is not directly
audible. However, its effect is perceptible through the changes it causes in the sound,
such as vibrato or tremolo [8].

A simplified illustration of a LFO is shown in Figure 2.4. This diagram shows that
an LFO operates similarly to a VCO but generates much lower frequencies. It takes
a control voltage as input and produces a low-frequency signal as output.

Frequency
Control
Voltage

Figure 2.4: Simplified illustration of a LFO.

2.2 Audio Feature Extraction Methods

The audio feature extraction covers detecting and emphasizing the most notable and
distinguishing attributes of a signal. A sufficient feature resembles characteristics of
a signal in a more intense and concise form [12].

There are three fundamental types of audio features: time-domain, frequency-domain,
and time-frequency domain features. Time-domain feature extraction is the earliest
and most basic method used for analyzing and classifying audio signals. Subsequently,
frequency-domain techniques were developed to study the spectral characteristics

7
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and spectrum of audio. Later, time-frequency domain features were introduced,
combining both momentary and spectral information to give richer representation of
audio signals [12].

This section introduces some of the most commonly used time-frequency feature
extraction methods, including the Short-Time Fourier Transform (STFT), Mel-
Frequency Cepstral Coefficients (MFCC), and Constant-Q Transform (CQT).

2.2.1 Short-Time Fourier Transform

The frequency components that form initial signal are uncovered by the Fourier
transform, which converts a time-domain signal into its frequency-domain representa-
tion [13]. The discrete Fourier transform of a time series can be effectively estimated
using the Fast Fourier Transform (FFT) to convert it into the frequency-domain [14].

Dennis Gabor (1946) [15] developed the adjusted version of the Fourier transform,
nowadays called the short-time Fourier transform (STFT), in order to recover the

masked time information [13]. The sliding-window description of a signal is also
provided by STFT [16].

A spectrogram is a visualization of STFT where time is expressed by horizontal axis,
frequency is expressed by vertical axis, and the color of the figure is the dimension
that shows the value of spectrogram of a specific frequency at a specific moment
[13]. Spectrograms of various signals are shown in Figure 2.5, illustrating how the
frequency composition of each signal changes over time.

Spectrogram of Sine Wave Spectrogram of White Noise

16384 16384 Frm o e e +30dB
+40 dB =
8192 81924 =
+30dB = +20dB
4096 4096 1 =
2048 +20dB 20481 e = +10dB
1024 +10dB 1024 JgSeripa e s R S S +0dB
512 +0dB 512 fer e Sk a8 g2 BT
5 ot i -10 dB
256 256 Ryt gl R T i
-10 dB i |
128 12841 | ' e I [ 20 dB
-20 dB 1| 1 I I |
64 641
I 11U Ih I -30dB
o -30 dB otk min h Lom I il
06 075 09 0 015 03 045 06 075 09

0 015 03 045
Time [s] Time [s]

Frequency [Hz]
Frequency [Hz]

Figure 2.5: The spectrogram of the sine wave is on the left, and the spectrogram of
the white noise is on the right.

2.2.2 Mel-Frequency Cepstral Coefficients

The Mel scale is base upon sound perceiving range of human [17]. Mel-Frequency
Cepstral Coefficients (MFCC) is utilized STFT and the Mel scale to display a sound’s

8
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spectral information. This method is often utilized particularly preprocessing of
voice signal [18]. Librosa [19], a specialized python library for signal analysis of audio
and music, has a module for implementing MFCC.

Musical timbral features are often displayed using Mel-scaled representations [19].
Timbre is a feature of sound by which a person can detect the difference between
two sounds even if their loudness and pitch are the same [1]. Therefore, this feature
makes each sound from different instruments unique, even when played at the same
note and volume.

2.2.3 Constant-Q Transform

The Constant-Q Transform (CQT) converts time-domain signals into the time-
frequency domain by dividing the signal into geometrically spaced frequency bins.
The sharpness or selectivity of the frequency components is characterized by the
Q-factor, which remains constant across all frequency bins in the CQT. As a result,
lower frequencies exhibit higher frequency resolution, while higher frequencies are
represented with improved temporal resolution [20].

There are solid musical and perceptual justifications for using the CQT as a feature
extraction method. In Western music, notes are spaced geometrically, which aligns
with the technique of CQT. Furthermore, human auditory perception operates similar
to constant-Q frequency resolution, making CQT a good representation of audio
signals for humans [20].

2.3 Autoencoders

Autoencoders [21], a type of neural network, were originally designed to recreate their
input. They were developed to represent the data in an informative manner, serving
as a form of unsupervised learning. There are different ways autoencoders can be used
to learn useful representations of data. To achieve this, diverse types of autoencoder
can be fused or altered to build new models for a variety of applications. Some
example usages of autoencoders include data generation, clustering, and anomaly
detection [22].

The autoencoders usually consist of three parts: encoder, latent space (sometimes
referred to as code), and decoder. The encoder processes the input and transforms it
into a representation within the latent space, which captures essential features of
the input in a reduced-dimensional form. The decoder then uses this compact and
informative representation to reproduce the original input [23]. The representation
of an autoencoder is shown in Figure 2.6.

The encoder transforms the input X into a latent representation Z using weights and
biases, as shown in Equation 2.1. Here, W is the weights and b is the bias [24] and
f denotes the activation function. The decoder then recreates an output X using Z
[24].
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-

/

X z X Z X
Encoder Latent Decoder Encoder Latent Decoder
Space Space

Figure 2.6: (a) An autoencoder network contains a single layer in the encoder and
decoder. (b) How an autoencoder is usually illustrated.

Z = (WX +b). (2.1)

The loss is computed using the standard L2 loss function [24], as shown in Equation
2.2. It calculates the sum of the squared differences between the original data points
x and the reconstructed data points Z.

L=z — 2| (2.2)

Oussidi and Elhassouny (2018) [25] noted that although autoencoders effectively learn
the distribution of input data and encode it into the latent space, the distribution of
the latent space itself is still unknown, and autoencoders are not inherently designed
to generate new data. As a result, when an autoencoder is used as a generative model,
it samples arbitrarily from its latent space, which can lead to poor-quality outputs.
This occurs because the generated data does not follow the true distribution of the
input data. VAE was designed to solve this problem by learning the distribution of
the latent space [25] for generative purposes. The following section focuses on this
variation of the autoencoder.

2.3.1 Variational Autoencoders

VAEs use a Bayesian approach to learn the input data’s probability distribution [23].
They were proposed to find a mapping between the data distribution p(z) and the
latent distribution p(z), as illustrated in Figure 2.7.

VAE aims to estimate the generator ps(z) which represents the likelihood of a sample

x ~ X. It uses Bayes’ rule to compute this probability, as shown in Equation 2.3
[26].
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Figure 2.7: The mapping that the VAE tries to understand between data distribution
and latent distribution.

po(w,2) _ po(x]2)pz(2)
po(2|) po(2|)

po(x) = for z ~ Z. (2.3)

The goal is to maximize this likelihood by optimizing the parameter . However,
estimating the maximum likelihood using Equation 2.3 is not feasible: although
calculating py(z|z), the conditional probability of a data instance given a latent
variable, is uncomplicated, the reverse, py(z|z) is intractable. This issue is particularly
significant in deep generative models, which are typically nonlinear and non-reversible
[26].

VAE employs approximation of the intractable posterior py(z|z) using a tractable
family of parameterized probability distributions. This approach, known as varia-
tional inference, is used to address the problem of intractability. In this way, sampling
from the distribution and computing probabilities becomes more manageable. The
encoder estimates the parameters of this distribution using the approximate posterior,
as shown in Equation 2.4, where 1 represents the neural network’s weights that
outputs the approximate posterior’s parameters [26]. A simplified illustration of a
VAE is presented in Figure 2.8.

qy(z|T) = po(z|z) where ¢ € R”. (2.4)

The encoder in vanilla autoencoders functions similarly to gy, but it is deterministic,
and therefore produces a single point in the latent space. In contrast, the encoder in
a VAE outputs a probability distribution, represented as gy (z|z) [26].

VAESs are also referred to as deep latent variable models because they aim to learn a
mapping between latent vectors and data instances using deep neural networks [26].

The approximate posterior g, (z|z) is introduced as a manageable substitute problem
for the true posterior py(z|z). To make this solution feasible, two main objectives
must be achieved: maximizing the approximate likelihood and minimizing the error
in the approximate posterior in Equation 2.4. These two goals are accomplished by
optimizing a lower bound on pg(z). Maximizing this lower bound also decreases the
error in the approximation of the true posterior. The following expression decomposes
the log-likelihood of the true posterior [26]:

11
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Figure 2.8: Simplified illustration of a VAE. The encoder estimates the distribution
parameters (u and o) and € is the noisy data that sampled from a standard normal
distribution.
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The Kullback—Leibler (KL) divergence between the approximation of the poste-
rior and the true posterior appears as the second term in this decomposition,
KL(gy(2|2)||pe(z|x)). The KL divergence measures how different these two dis-
tributions are. Therefore, it is always non-negative and equals zero only when the
two distributions are identical in 2.4. Because it is non-negative, a lower bound
of pp(z) can be obtained by removing this term from the decomposition. For this
reason, the first term of the decomposition is referred to as the variational lower
bound or the Evidence Lower Bound (ELBO). Minimizing the negative ELBO is
essential for determining the parameters ¢ and 6, and define the loss function as
follows [26]:

JELBO (w7 9) = _ExNX]Ezwqw(zm) [long (xu Z) - lOg qw(z|x)]
- ExNXEzwqw(zM:) [_ logpg(x|z) - lngz(Z) + log Q¢(Z|I>] (26)

The approximation of negative ELBO in Equation 2.6 is presented in Equation 2.7,
where 2 are i.i.d. samples from X

s

ZEZN%(Z\W)) [— 10gp6($(1)|2) — logpz(2) + log Qw(2|x(i))} (2.7)

=1

Jerpo (¥, 6) ~

W | =

Here, stochastic approximation schemes are employed to avoid directly computing
the expectation E,_, o (22®) by instead minimizing Jggo. In practice, this involves
drawing a sample from the posterior approximation to estimate the expected value
[26].

Equation 2.6 can be reformulated as follows to provide a clearer understanding of
the VAE’s objective function [26]:
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JELBO(wa 0) = E;UNXEzwqw(z\x) [_ 1ng9(I|Z>] + EINXEz~q¢(Z|JJ) [IOg Q¢(Z|ZL‘) - 1ngZ<Z)]
= EJJNXEZqu(Z\x) [—log pg(z|2)] + Epny [KL ((M(zlx) | pz(2))] (2.8)

Here, the first term is the reconstruction error, which measures how well the approxi-
mate posterior can reconstruct the input data. The second term is the KL divergence,
which is thought of as a regularizer. It makes the approximate posterior to remain
close to the latent variables. Therefore, there is a trade-off between these two terms.
Improving the reconstruction error can cause overfitting of the latent space, resulting
in less normally distributed latent representations. On the other hand, minimizing
the KL divergence might cause all approximate posteriors to resemble the prior
distribution, which can decrease reconstruction quality. The likelihood function
po(x|2) used here is crucial in balancing this trade-off [26].

The implementation of the VAE in the project considers the distribution of the
latent space to be a Gaussian distribution, where the mean is  and the variance
is 02 [25], as defined by ¢, (z|x) = N (u(z),0%(z)), since the exact distribution of
p(z) is unknown. With this assumption, p(z|z) can be computed, as defined by
pz(z) = N(0,1).

The differentiation of a sample z ~ gy (2|z) becomes possible through the use of
the reparameterization trick [26], as shown in Equation 2.9. This trick enables
backpropagation by making the sampling operation differentiable. It also makes it
possible to apply Monte Carlo estimation in the training process [26].

z(€) = py(x) + exp(0.5 - log ai(x)) € where e ~ N(0,1) (2.9)

Now, the KL divergence term in ELBO loss function in Equation 2.8 can be rewritten
in closed form, as shown in Equation 2.10 where J is the number of dimensions of
the latent variable z [27]. This is possible by assuming a Gaussian distribution for
both the approximate posterior and the prior [27]. The KL divergence showed here
corresponds to the implementation used in this project.

J
KL (N (p,0%) | N(0,1)) = > (42 +0? —logo? — 1) (2.10)

DO | —

j
Under the assumption that p(x|z) comes from a Gaussian distribution, the Euclidean
distance between, X and X corresponds to the negative logarithmic probability of

X [28]. Therefore, the reconstruction loss is computed as shown in Equation 2.11.
This formulation is used in the implementation of the project.

Reconstruction Loss = || X — X|? (2.11)
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Figure 2.9 illustrates the training process of a VAE, which involves both KL divergence
loss and reconstruction loss. The input X is fed into the encoder, which outputs
the mean and variance parameters. These parameters are used to compute the
KL divergence and to apply the reparameterization trick, enabling backpropagation
through the sampling process. The decoder then takes the inferred latent vector
and reconstructs the output X. Finally, the reconstruction loss is computed by
comparing X and X.

Encoder KL (./\/'(u, a?) |N(0, 1))5

Decoder

Sample € from N(0,1)

Figure 2.9: The training process of the VAE. The loss components, KL. divergence
and reconstruction loss, are indicated by red dashed lines.

2.4 Latent Space

As mentioned in Section 2.3, the latent space is one of the components of autoencoders.
The hidden information of the input data can be captured by the latent space, while
keeping its dimensionality smaller than that of the data space [26], [29]. Consequently,
the latent space provides a more condensed and useful representation of the data
[29]. Following training, each item in the dataset should have a representation in
the latent space that is not directly visible in the higher-dimensional input data [30].
The latent space of a VAE can be used to reconstruct existing data and generate
new data through interpolation.

The following section discusses methods for visualizing the latent space in order to
analyze its structure.

2.4.1 Visualization of Latent Space

Visualizing the latent space provides insight into the hidden structure or design
learned by the model. It also can be meaningful for understanding the smoothness
of interpolation. This enables smooth generation of new sounds by interpolating
between two original sounds, making sound customization more flexible.
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The dimension of the latent space is typically too high to visualize directly. Therefore,
dimensionality reduction methods need to be applied. Several techniques exist for
this purpose, such as Principal Component Analysis (PCA), t-distributed Stochas-
tic Neighbor Embedding (t-SNE) [31], and Uniform Manifold Approximation and
Projection (UMAP) [32].

o PCA: A linear dimensionality reduction method that maximizes variance
retention and conserves linear connections [33].

o t-SNE: A nonlinear method that maps original space’s neighbor points in the
lower-dimensional embedding [33] to maintain local structure.

« UMAP: A nonlinear method that maintains relationships among clusters [33]
while reducing dimensionality. Sainburg et al. [34] applied UMAP to the latent
space to distinguish between different animal sounds. The authors noted that
previous researches suggest UMAP is more suitable than t-SNE for applications
in the natural sciences.

2.5 UMAP

UMAP is recently one of the common nonlinear dimension reduction methods using
manifold learning [32]. Manifold form of the data is aimed to be understood, and
also, embeddings in low dimension are desired to be discovered while preserving
the fundamental form. The essential hyperparameters that affect the consequent
embeddings are: number of neighbors, minimum distance, number of components,
and metric [35].

The number of neighbors determines how much priority is placed on local versus
global relationships within the data. The hyperparameter limits the size of the local
neighborhood while learning the data’s manifold structure. Therefore, when the
number of neighbors is small, UMAP focuses more on local structures; when it is
larger, it emphasizes more global structures [35].

The minimum distance parameter limits how closely points are arranged. Thus, a
small value for minimum distance causes more intense groups in low dimensions,
which can be beneficial for analyzing clusters and finer topology of the structure.
On the other hand, a larger distance avoids placing points too close together and
maintains the broad topology of the structure [35].

The number of components parameter controls the dimensionality of the resulting
embeddings, while the metric parameter decides the way to calculate the distance
between points, such as Euclidean, Manhattan, or Cosine [35].
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2.6 Density-Based Spatial Clustering of Applica-
tions with Noise

The density-based spatial clustering of applications with noise (DBSCAN) [36] is
a clustering algorithm that clusters data points of any shape in high-dimensional
spatial and non-spatial databases with noise [37]. The main principle of the DBSCAN
is that the distance between each point in a cluster should be less than ¢ and each
cluster should have at least a certain number of points as a threshold [36]. If the
distance of a point is not close enough to be included in the nearest cluster and the
density of the neighborhood is less than the threshold, that point is considered as
noise.
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Figure 2.10: How DBSCAN clusters data points.

DBSCAN determines the cluster points with a certain minimum number of points
in the epsilon € diameter as core points and cluster points that cannot exceed the
minimum number of points around the epsilon as border points. Figure 2.10 shows
how DBSCAN works: after defining the minimum point and epsilon € value provided
as input, the algorithm identifies core and border points to cluster data points.

2.7 Evaluation Methods

This section outlines the methods used to evaluate the proposed framework. It
includes evaluation techniques for both the clustering algorithm and the generated
audio.

2.7.1 Clustering Evaluation

Density-based clustering validation (DBCV) [38] considers the arbitrary shape of
clusters and the noisiness of data into account; these make DBCV a good candidate
for evaluating DBSCAN results.

Density-contour trees [39] are utilized for measuring area with the least population
density in a cluster and area with the most population density between the clusters
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[38]. In other words, DBCV assess clusters’ density connectivity for both inside
and between clusters [38]. The key idea is using minimum spanning tree (MST)
for measuring a cluster’s density sparseness (CDS) and a pair of clusters’ density
separation (PCDS) for evaluating a cluster’s validity index (V). A cluster C;’s
validity index is described in Equation 2.12 where 1 <1 < [.

1<5<l,j#i
max| min [PCDS(C;, C;)], CDS(C;)]

1< <L, j#i

Ve(C) = (2.12)

The description of DBCV is shown in Equation 2.13. The weighted average includes
cluster size and entire object number including noise, |C;| and |O| respectively.
Therefore, even though the expression does not include noise directly, it includes
noise with the weighting average [38]. The output of DBCV is in the range of -1 and
1, where higher values imply well density-based cluster results.

< |Gl
DBCV(C) =>_ 0]
=1

Ve (Cs) (2.13)

2.7.2 Audio Evaluation

This section introduces the evaluation metrics used to assess the quality of the
generated sounds.

2.7.2.1 Fréchet Audio Distance

Fréchet Audio Distance (FAD) [40] is a metric for evaluating of enhancement of
generated audio. It is inspired by the Fréchet Inception Distance (FID) [41] that is a
metric for assessing quality of generated images. Unlike some other metrics, FAD
does not require the original reference audio for evaluating the quality of the audio,
which makes FAD suitable for this project since there is no correct original audio.

The original FAD paper introduced the use of VGGish [42] to create a set of qualified
embeddings from large dataset with quality music, as well as a set of assessment
embeddings from music wanting to evaluate quality. The multivariate Gaussians are
calculated for qualified embeddings N, (14, £,) and assessment embeddings N, (pq, 2a)
and then their Fréchet distance [43] is estimated as shown in Equation 2.14 where
the trace of a matrix is represented as tr. A lower FAD score indicates better quality,
as the distance between qualified embeddings and evaluation embeddings is smaller.

FNG NG = |lig — pall® + (2 + Za — 2¢/3,24) (2.14)

The long-distance temporal shifts in a song are not exposed by FAD since the
embeddings produced by the method have 1 second windows [40]. Therefore, the
method is convenient for evaluating generated sounds rather than rhythm.
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Other FAD implementations use models beyond VGGish, such as PANNs [44], CLAP
[45], and EnCodec [46]. These are pre-trained models trained on large-scale audio
datasets. While they follow the same fundamental logic, they differ in terms of the
datasets used for training and their underlying neural network architectures.

2.7.2.2 Spectral Evaluation Methods

Feature extraction methods can be used as evaluation metrics by comparing the
original and reconstructed audio. In this project, STFT, MFCC, and CQT are
employed for this purpose, using Mean Squared Error (MSE) and L1 loss distribution
as the evaluation criterion.

MSE measures the sum of average squared error between the features extracted
from the original audio, Yi,.., and those from the reconstructed audio, Y}econstructed
as shown in Equation 2.15 where n is number of samples. This metric emphasizes
larger errors made by the model while minimizing the impact of smaller ones. It is
useful for identifying whether the model is making significant mistakes.

12 N
MSE = — Z(Y:cruei - Y;reconstructedi)2 (215)

=1

L1 loss calculates the magnitude difference between the features extracted from the
original audio, Y4, and the reconstructed audio, Yieconstructed @8 shown in Equation
2.16. The L1 loss is computed for each data point and stored to form a distribution
of errors.

n
L1 loss = Z D/truei - Yreconstructedi

=1

(2.16)

To compare the L1 loss distributions, the Kruskal-Wallis test can be used. The
Kruskal-Wallis test is a statistical test which is nonparametric [47], meaning it
does not assume the distribution of the data, so it is convenient for non-normal
distributions. It is used to determine distinctness between three or more independent
distributions [47].

The Kruskal-Wallis test checks if there is any statistically significant difference,
which means the distinctness is not because of chance. However, even if there is a
statistically significant difference, it does not necessarily mean that the difference is
relevant. The effect size is used to address this issue in statistics. The value of the
effect size can indicate whether the relationship between these distributions is strong
and meaningful [48].

These evaluation metrics help assess the quality of the reconstructed audio by
emphasizing the most distinguishing attributes of the signals, as they are calculated
using audio feature extraction methods.
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Related Work

This chapter provides an overview of related literature and tools. Section 3.1 outlines
techniques for differentiable audio synthesis. Section 3.2 examines TorchSynth,
a Python library, with particular emphasis on its synthesizer class. Section 3.3
introduces commonly used audio-related loss functions found in the literature. Finally,
Section 3.4 describes an existing tool for exploring sound spaces.

3.1 Differentiable Audio Synthesis Techniques

Differentiable audio synthesis techniques are crucial for the project, as they integrate
digital signal processing into neural networks by enabling backpropagation for loss
function gradients [49]. This allows the model to utilize gradients from the synthesis
process itself, providing deeper insights into the audio signal. There are two essential
python libraries for differentiable sound synthesis techniques: DDSP and torchsynth.

DDSP: Differentiable digital signal processing (DDSP) is a library that combines
signal processing and deep learning through TensorFlow [50]. High-fidelity audio is
produced using differentiable synthesis unit with vocoders [51]. The authors also
manage to control audio characters using DDSP units [51].

TorchSynth: A modular synthesizer library that produces pair of samples of sound
and its synthesizer parameters more quickly than real-time using only a GPU [52].
The following section discusses the advantages and core synthesizer architecture of
the TorchSynth library.

3.2 TorchSynth

TorchSynth was chosen for this project because it is better suited than the DDSP
library, particularly due to its ability to generate sound in real time. The models
in this project continuously produce audio using synthesizer parameters, making
real-time synthesis a critical feature for reducing computational complexity. The
following section describes the synthesizer used in this project for sound generation.
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3.2.1 The Voice Synthesizer

The synthesizer Voice in Torchsynth was selected for this project since it is a capable
synthesis using FM synthesis, noise generation, and other oscillators. Its complex
modulation structure enables synthesizing a rich variety of sounds. Moreover, it
allows for easy generation of sounds with the desired duration.

The Voice consists of several customizable components: one monophonic keyboard,
two LFO modules, each of which has two ADSR envelopes that modulate rate and
amplitude, one sine-wave VCO, one squaresaw-wave VCO, and a noise generator.
Furthermore, the system integrates VCA modules, a modulation mixer, and an audio
mixer [52] for shaping and combining signals as illustrated in Figure 3.1.

MIDI FO Monophonic
Keyboard

INote Duration

v v ) v v v
ADSR ADSR ADSR ADSR ADSR  ADSR

LFO l LFO LFO lLFO
Amp Rate Amp Rate
L LFO L LFO
v Vv
VCA VCA
y v v

Upsample: Control Rate => Sample Rate

\ 4 A

Modulation Mixer: 4 in, 5 out
Pitch Amp Pitch Amp Amp
Mod Mod Mod Mod Mod
Sine .
VCo Noise
| , SquareSaw
l VCo
v
VCA <+—— VCA <+ VCA <«
v v v
Audio Mixer
v
Out

Figure 3.1: Architecture of the Voice synthesizer. Reproduced from [53].

The monophonic keyboard does not generate sound directly; instead, it sends in-
formation to the synthesizer, specifying which note to play and for how long. It
is referred to as 'monophonic’ because it can only play one note at a time. The
keyboard provides two parameters: note duration and MIDI F0O. The note duration
determines how long the note is sustained, while the MIDI FO value specifies the
pitch of the note, such as A4 or C4.
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The Voice architecture includes six ADSR modules. Two of these are directly
connected to the LFO to modulate its rate, i.e., the oscillator’s frequency over time.
Another two are connected to the VCA to modulate the amplitude over time. The
remaining two are connected to the upsampling module, which converts control-rate
signals to sample-rate signals. Following this process, a modulation mixer is used
to control the pitch of both the Sine VCO and the SquareSaw VCO, as well as the
amplitude of the VCA.

The MIDI FO information is headed to both the Sine VCO and the SquareSaw VCO,
as these are the main oscillators in the architecture responsible for generating sound
at the specific pitch indicated by the MIDI FO value.

The two VCO and the Noise module are connected to the VCA to control the volume
of the sounds over time. After this stage, all signals are combined in Audio Mixer
module to produce a single unified sound output.

All components of the synthesizer are important for producing rich and diverse
sounds. For instance, VCOs and the Noise module are responsible for creating the
raw sounds that humans can hear, while components like ADSR and LFO shape
these sounds to make them more lively and colorful.

3.3 Loss Functions for Audio

Raw audio waveforms are not suitable for estimating loss through point-wise com-
parison because two audio signals can have different waveforms but sound similar,
and vice versa [50]. Hayes et al. (2024) [49] listed three audio loss functions that
frequently appear in the literature, all of which use magnitude spectrograms: Spectral
Convergence Loss (SCL) [54], Log Magnitude Spectral Loss (LogMSL) [54], and
Linear Magnitude Spectral Loss (LMSL), as outlined below.

o SCL measures the difference between the magnitude STFTs of the true audio y
and the reconstructed audio § using the Frobenius norm, denoted as ||-||r. The
result is then normalized by the Frobenius norm of the true audio’s magnitude
spectrogram, as shown in Equation 3.1.

| ISTFT(y)| — [STFT()] |1»
Lser(v.9) = == ISTFT )T

(3.1)

o LogMSL calculates the difference between the logarithmic magnitude STFTs
of the ground truth audio and the reconstructed audio 3. A small constant € is
added to avoid taking the logarithm of zero. The difference is measured using
the Ly norm, denoted as || - ||1, as shown in Equation 3.2.

Lyogusi(y, §) = [[1og([STFT(y)| + €) — log(ISTFT(@)| + e)llh (3.2

o LMSL computes the difference between the magnitude STFTs of the ground
truth audio and the reconstructed audio ¢ using the L; norm, denoted as || - ||1,
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as shown in Equation 3.3.

Limsi(y, §) = [[ISTET(y)| — [STFT(g)][l, (3-3)

SCL, as shown in Equation 3.1, prioritizes large spectral components, which facilitates
the initial training process. On the other hand, LogMSL, as shown in Equation 3.2,
is more susceptible, as it uses the logarithm of the magnitude of the STFT. This
allows LogMSL to focus on fitting small-amplitude components, which become more
critical in the later stages of training [54]. In contrast, LMSL is simple and steady,
as it directly computes the difference between the magnitude STFTs of the true and
reconstructed signals. However, since all of these loss functions consider only the
magnitude spectrogram, they do not account for the phase of the audio.

3.4 Exploring Sound Space

AudioStellar [55] is a recent study to explore the latent space of sound. The authors
consecutively applied PCA and t-SNE for dimensionality reduction of the latent
space and clustered similar sounds using DBSCAN based on their timbre, amplitude,
envelope, or a combination of these features. In this way, the authors provide an
interactive visualization of sound’s latent space for exploration. The framework of
AudioStellar is illustrated in Figure 3.2. However, it is important to note that their
framework does not include a generative model for sound synthesis.

Audio S — — ] — « —
Files Preprocess Principal [_]| t-SNE o oo DBScan
Component [
D:] Analysis [

Figure 3.2: The pipeline of AudioStellar. Reproduced from [56].

22



4

Methods

This chapter provides an overview of the methods and experiments conducted, and
also includes details about the dataset and the proposed framework. Section 4.1
explains the dataset generation process and the preprocessing methods applied.
Section 4.2 presents the detailed pipeline of the project, including the VAE model
and the evaluation methods used to assess the quality of the results. Section 4.3
explains the main components of the loss functions used in the experiments. Section
4.4 describes the first experiment and its cases, focusing on various audio-related loss
function formulations. Section 4.5 details the second experiment and its cases, which
investigate the impact of adding the TorchSynth layer to the model. Finally, Section
4.6 explains the third experiment, which focuses on evaluating different audio feature
extraction methods.

4.1 Dataset

The dataset used to train the VAE consists of synthesized sound parameters generated
using the parameter of Voice module from the TorchSynth library. Each sound is
one second long, making them well-suited for use within a beat.

As shown in Figure 3.1, the Voice synthesizer is composed of several modules, each
with a variety of parameters. In total, there are 63 parameters, as detailed in Table
4.1. These parameters are used to generate the dataset. For each sound, a random
value is assigned to each parameter. Using this method, 140,000 sound parameter
sets are generated and stored in a JSON file to ensure consistency across experiments.
The dataset is then split into training, validation, and test sets, containing 100,000,
20,000, and 20,000 samples, respectively.

To save memory, only the parameter sets are saved, rather than the raw sound and
parameter pairs. Since each raw audio file contains 44,100 data points, storing them
would require a significant amount of memory. Moreover, this would lead to high
dimensionality in the input layer. Therefore, training the model using only the
parameters simplifies the process and speeds up training. Additionally, it provides
an opportunity to explore the feature space of the synthesizer parameters.

For preprocessing, each parameter is normalized to a range between 0 and 1 before
being input into the model. This step is necessary because the parameters span
different value ranges, which are detailed in Tables A.1 and A.2 in the appendix.
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Module Parameters

keyboard midi_ {0, duration

adsr_1 attack, decay, sustain, release, alpha

adsr_ 2 attack, decay, sustain, release, alpha

Ifo 1 frequency, mod__depth, initial phase, sin, tri, saw, rsaw, sqr
lfo 2 frequency, mod_ depth, initial phase, sin, tri, saw, rsaw, sqr

Ifo 1 amp adsr attack, decay, sustain, release, alpha

Ifo 2 amp adsr attack, decay, sustain, release, alpha

Ifo 1 rate adsr attack, decay, sustain, release, alpha

Ifo 2 rate adsr attack, decay, sustain, release, alpha

mod  matrix adsr 1—vco 1 pitch, adsr 2—vco 2 pitch,
Ifo 1—vco 1 amp, Ifo 2—vco 2 amp,
adsr__1—mnoise amp

veo_ 1 tuning, mod_ depth, initial phase
veo 2 tuning, mod__depth, initial phase, shape
mixer veo 1, vco 2, noise

Table 4.1: Modules and their parameters in the Voice synthesizer.

4.2 Pipeline of the Project

This section presents the complete pipeline, which includes dataset generation, sound
synthesis, the VAE model, referred to as SynthParam-VAE, and evaluation methods.
The overall pipeline is illustrated in Figure 4.1. SynthParam-VAE is implemented
using the PyTorch library. While the exact architecture of SynthParam-VAE may
vary between experiments, it remains consistent within each individual experiment.
This consistency allows for fair comparisons of different loss functions under the
same experimental conditions.

To further ensure fairness, the same random seed, as well as identical initial weights
and biases, are used within each experiment to eliminate variability caused by
randomness. As described in Section 4.1, the model is trained on the sound parameters
of the Voice synthesizer.

To evaluate the quality of the model’s reconstructions, the predicted parameters are
passed through the Voice synthesizer to generate reconstructed sounds. These are
then compared with the original sounds using FAD and various spectral metrics,
providing a quantitative assessment of reconstruction quality.

Two different FAD implementations are used: one based on VGGish embeddings
and another based on PANNs embeddings. Using multiple models helps ensure a
more robust evaluation of audio similarity. In addition, several spectral metrics
are employed to assess reconstruction quality. MSE and L1 loss distribution are
calculated between the ground truth and reconstructed audio using three different
representations: STFT, MFCC, and CQT.

To further analyze the distribution of reconstruction errors, L1 loss distributions are

24



4. Methods

computed for STFT, MFCC, and CQT. To determine whether there are statistically
significant differences between these distributions, the Kruskal-Wallis H-test is ap-
plied separately to the results from each representation. This metric helps determine
whether there are significant differences in reconstruction quality between models.

MSE is used to identify which models produce larger reconstruction errors, while
the L1 loss distribution provides a general overview and more stable indication of
reconstruction quality.

To assess the organization of the model’s latent space, latent vectors are first extracted
from the encoder. These vectors are then reduced to two dimensions using UMAP
for visualization. DBSCAN is applied to cluster the resulting 2D points, allowing us
to examine whether similar sounds are grouped together. This is an indication that
the latent space effectively captures sound characteristics. The quality of clustering
is evaluated using the DBCV metric.

To analyze how well the model organizes similar sounds in UMAP representations,
three medium-sized random clusters are selected. For each cluster, the average FFT
values are computed. By analyzing these averaged FF'T profiles, it is possible to
assess whether the clusters represent distinct sound characteristics. Additionally,
listening to random samples from each cluster provides a qualitative sense of how
different or similar the sounds are within and across clusters.
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Figure 4.1: lustration of the pipeline of the project.
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4.3 Loss Function Components

Designing the loss function is an important part of addressing the research questions
in this project. The exact formulation of the loss function varies depending on the
specific experiment and the conditions within each case. This section outlines the
main components of the loss function, explaining their roles and the rationale behind
their inclusion.

o Reconstruction 10ss (Lyecon(y, 9)): This is the squared error between the ground
truth parameters y and the reconstructed parameters y. It measures how
accurately the model can reproduce the original parameters, indicating the
quality of the reconstruction.

o Spectral 1oss (Lspectrar(y, ¥)): This loss function varies across experiments and
between different cases within each experiment. Depending on the case, it may
use different audio-related formulations or feature extraction methods. Since
different spectral loss functions can produce values on different scales, a constant
weight [ is applied to the spectral loss to ensure a balanced contribution relative
to the reconstruction loss. This weighting maintains a consistent ratio of 1:3
between the reconstruction loss and the spectral loss in cases where both are
used, enabling fair comparisons across cases within experiments.

o Clamping loss (Leamp(9)): The Voice synthesizer requires parameters to fall
within specific valid ranges. However, the model may sometimes predict values
outside these ranges, which prevents audio from being generated and causes the
training process to crash. In such cases, the out-of-range values are clamped
to the nearest valid boundary. This clamping process implies that the model
has not fully learned the valid parameter ranges. This loss penalizes such
occurrences, encouraging the model to produce values within acceptable limits.
It is weighted by a factor a;, which is set to 100 in all experiments to emphasize
its importance.

 Kullback-Leibler Divergence (L (y,4)): This term encourages the encoder to
shape the latent space distribution resembling a standard Gaussian distribution.
It plays a crucial role in helping the model learn a well-structured latent space.
Without this loss term, the model might still achieve good reconstruction
performance due to the reconstruction loss, but it would struggle to generate
meaningful samples. This is because the latent space would lack proper
organization, making sampling from it unreliable or inconsistent.

4.4 Experiment 1

Experiment 1 focuses on evaluating the performance of different audio-related loss
function formulations while using the same feature extraction technique, namely
STFT. The goal is to determine which audio-related loss formulation is most effective
for capturing and learning timbre features of sounds. This experiment is designed to
address the first research question.
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The encoder and decoder of the architectures mirror each other. The encoder’s
input layer has 63 neurons, the first hidden layer has 256 neurons, and the second
hidden layer has 64 neurons. The latent space has 16 neurons to facilitate easier
visualization, making the latent space relatively small. The decoder has layers with
64 neurons, then 256 neurons, and the output layer has 63 neurons.

4.4.1 Spectral Loss Functions

As previously mentioned, one of the research questions is to identify a suitable loss
function formulation for the SynthParam-VAE. In total, six different loss functions
were tested for this experiment. These include the formulations presented in Equations
3.1, 3.3, and 3.2. In addition to these, three variations that incorporate phase
information are also considered, as described below.

 Spectral convergence loss with phase (SCLP): measures the difference between
the complex-valued STFTs of the true audio y and the reconstructed audio g
using the Frobenius norm, denoted as || - ||p. The result is then normalized by
the Frobenius norm of the true audio’s the complex-valued STFT, as shown in
Equation 4.1.
_[|STFT(y) = STFT()| s
ISTET(y) [|r

Lscre(y,9) (4.1)

» Log spectral loss with phase (LogSLP): calculates the difference between
the complex-valued logarithmic STFTs of the ground truth audio and the
reconstructed audio §j. A small constant € is added to avoid taking the logarithm
of zero. The difference is measured using the L; norm, denoted as || - ||1, as
shown in Equation 4.2.

Lyogsip(y, §) = [[10g(STFT(y) + €) — log(STFT(J) + €)|lx (4.2)

o Linear spectral loss with phase (LSLP): computes the difference between the
complex-valued STFTs of the ground truth audio and the reconstructed audio
¢y using the L; norm, denoted as || - ||1, as shown in Equation 4.3.

Lysie(y, §) = [[STET(y) — STFT(9)l, (4.3)

These phase-aware loss functions are introduced because implementing the magnitude
of the STF'T results in the loss of phase information, as it does not contain this data.
This can lead to slight shifts in the reconstructed audio. Incorporating phase-aware
loss functions helps the model reconstruct audio more accurately by compensating
for the missing phase information.

Table 4.2 summarizes each case in Experiment 1, including the case name, the
abbreviation of the loss function formulation, the full name of the loss function, and
the corresponding equation reference.
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Case Name Loss Name Spectral Loss Term Equation Ref.
Exp1-SCL SCL Spectral Convergence Loss Eq. 3.1
Expl-LogSL.  LogSL Log Magnitude Spectral Loss Eq. 3.2
Expl-LMSL  LMSL Linear Magnitude Spectral Loss  Eq. 3.3
Expl-SCLP SCLP Spectral Convergence with Phase Eq. 4.1
Expl-LogSLP LogSLP Log Spectral with Phase Eq. 4.2
Expl-LSLP LSLP Linear Spectral with Phase Eq. 4.3

Table 4.2: Overview of the spectral loss functions used in Experiment 1.

4.4.2 The Total Loss Functions

The total loss function used in Experiment 1 is presented in Equation 4.4. It consists
of four components: the reconstruction 10ss (L econ(y, 9)), the weighted clamping
10sS (Letamp(9)), the weighted spectral loss (Lspectrai(y, 9)), and the KL Divergence

(LKL(% 7))-

A

Ltotal(y7 ?J) = Lrecan(y) ?J) + aLclamp(@) + BLspect’/‘al(yu ?3) + LKL(y; @) (44)

4.5 Experiment 2

The aim of this experiment is to investigate the effect of using the TorchSynth layer
as the final layer after the decoder on both the training process of the VAE model
and its reconstruction accuracy while applying different audio-related loss functions.
This experiment is also designed to address the first research question, while further
exploring the impact of integrating synthesis layer into the learning process.

The architecture used is the same as in Experiment 1, with the addition of a
TorchSynth layer following the decoder. Therefore, the decoder reconstructs the
synthesizer parameters and passes them to the synth layer to directly generate the
reconstructed sounds. This architecture enables an end-to-end model. Moreover, this
modification allows the model to benefit from gradients of the synth layer during
backpropagation, potentially providing deeper insights into audio characteristics.

This experiment also applies the six spectral loss functions along with the total loss
function defined in Equation 4.4, maintaining consistency with Experiment 1 to
facilitate easy comparison. The names of the cases corresponding to this architecture
are listed in Table 4.3.

4.6 Experiment 3
The main goal of Experiment 3 is to evaluate the effectiveness of STF'T, MFCC, and
CQT as audio feature extraction methods for capturing timbre-related characteristics.

This experiment is designed to address the second research question.
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Case Name Loss Name Spectral Loss Term Equation Ref.
Exp2-SCL-ts SCL Spectral Convergence Loss Eq. 3.1
Exp2-LogSL-ts  LogSL Log Magnitude Spectral Loss Eq. 3.2
Exp2-LMSL-ts LMSL Linear Magnitude Spectral Loss  Eq. 3.3
Exp2-SCLP-ts SCLP Spectral Convergence with Phase Eq. 4.1
Exp2-LogSLP-ts LogSLP Log Spectral with Phase Eq. 4.2
Exp2-LSLP-ts LSLP Linear Spectral with Phase Eq. 4.3

Table 4.3: Overview of names of the cases in Experiment 2 and the corresponding
spectral loss functions used.

Initially, the model is trained using only the Voice synthesizer parameter reconstruc-
tion loss to establish a baseline. This phase concludes after 1000 epochs. However,
these parameters are not necessarily aligned with perceptual audio qualities. There-
fore, in the following step, three new models are created by integrating perceptually
relevant audio-based loss functions into the baseline model. Each model uses the
same spectral loss function, namely SCLP, but differs in the audio feature extraction
method applied, specifically STFT, MFCC, or CQT. In this phase, the parameter
reconstruction loss is removed to encourage the model to focus more on learning
spectral characteristics rather than regressing to the original synthesizer parameters.

For this experiment, the VAE architecture is intentionally kept simpler compared
to other experiments, as the initial phase involves only parameter reconstruction
without incorporating any spectral loss terms. Both the encoder and decoder consist
of a single hidden layer. Given that the number of parameters is 63, the input layer
has 63 neurons, followed by a hidden layer with 128 neurons. The latent space has
16 dimensions to facilitate visualization. The decoder is symmetric to the encoder,
with a hidden layer of 128 neurons and an output layer of 63 neurons.

4.6.1 Loss Function Strategy Across Training Phases
The third experiment follows a two-phase training approach:

o Phase 1 (Baseline Training): The initial total loss function, defined in
Equation 4.5, combines the reconstruction loss, the weighted clamping loss,
and the KL divergence:

Lbaseline(y7 ?j) = Lrecon(yy Z?) + aLclamp(g) + LKL (y7 3?) (45)

o Phase 2 (Fine-tuning): After early stopping in Phase 1, a spectral loss term
is introduced. This term is based on one of three audio feature extraction types
(STFT, MFCC, or CQT) each defining a separate case within the experiment.
The total loss function used during this phase is described in Equation 4.6
including the weighted clamping loss, the weighted spectral loss, and the KL
divergence.

Lﬁne—tuning(ya g) = aLclamp('g) + Lspectral (y7 ?j) + LKL<y7 g) (46)
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4.6.2 Spectral Loss Functions

The spectral loss component Lgyecrq is implemented using SCLP, applied with three
different audio feature representations: STFT, MFCC, and CQT. SCLP is chosen for
this experiment because it emphasizes large spectral components, which represent
more general and perceptible characteristics of a sound. Since the model did not
directly learn audio features during the pre-training phase, focusing on the overall
structure of the sound rather than fine details becomes more important in the fine-
tuning stage. Therefore, this approach helps the model generate audio that is more
perceptually similar to the original, aligning better with human auditory perception.

The spectral loss functions used in the different cases are defined as follows. Each
function applies SCLP using a different audio feature extraction method: STFT,
MFCC, and CQT, as shown in Equations 4.7, 4.8, and 4.9, respectively.

o SCLP applied to STFT features:
_ IISTFT(y) - STFT(5)] s

L 0 4.
e SCLP applied to MFCC features:
- _ IMFCC(y) — MFCC(9)||r
L = 4.
e SCLP applied to CQT features:
R CQT(y) — CQT(y
Loqr(y,§) = I CQT(y) — CQTH)l|r (4.9)

1CQT(y) [ r

Table 4.4 summarizes each case in Experiment 3, including the case name, the audio
feature extraction method used, the corresponding loss function name, and the
equation reference.

Case Name Spectral Feature Loss Name Equation Ref.

Exp3-STFT  STFT STFT-SCLP  Eq. 4.7
Exp3-MFCC MFCC MFCC-SCLP  Eq. 4.8
Exp3-CQT CcQT CQT-SCLP  Eq. 4.9

Table 4.4: Spectral loss types applied during Phase 2 training in Experiment 3.
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Results

This chapter presents the results obtained from the various experiments conducted
throughout the project. Sections 5.1, 5.2, and 5.3 show the results of audio evalu-
ation and clustering assessment for Experiment 1, Experiment 2, and Experiment
3, respectively. Section 5.4 presents additional examples, including latent space
interpolation, ground truth and reconstruction comparison, and clustering analysis
that explores the differences between selected clusters.

As mentioned in Section 4.2, to assess the reconstruction quality of the models, audio
samples are generated using both the ground-truth synthesizer parameters and the
reconstructed parameters. FAD scores, based on VGGish and PANN embeddings,
are computed using 20% of the training data as well as the test data. Additionally,
spectral losses such as STFT MSE, MFCC MSE, and CQT MSE are calculated using
the test set. Furthermore, the L1 loss distribution of the cases for the test data is
also analyzed.

The clustering of the UMAP representations is assessed using DBCV. To facilitate
analysis, latent vectors from 10% of the training data were randomly selected and
plotted, as clustering all 100,000 data points made it difficult to identify smaller
clusters. The training set was chosen for this task to specifically analyze how the
models organize the latent space. UMAP plots, both with and without clustering,
for each case are also presented in this chapter.

5.1 QOwutcomes of Experiment 1

All cases in this experiment were trained for 500 epochs and also evaluated using
early stopping. The only difference between the two setups is that the early-stopped
models used a fixed learning rate, while the models trained for the full 500 epochs
employed a learning rate schedule that decreased every 100 epochs after the 200th
epoch. Although the models trained for the full duration did not exhibit overfitting
on the training set, their results were similar to those obtained with early stopping.
Since early-stopped models are more efficient and yield comparable performance, the
results presented in this section are based on the early-stopped models.

The early-stopped cases and their corresponding hyperparameters are shown in Table
5.1. All cases used a batch size of 256, a fixed learning rate of 1 x 107, and an early
stopping patience of 20 epochs based on validation performance. The number of
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epochs each case was trained for is also shown.

Case Epochs Batch Size Learning rate Patient
Expl-LMSL 282 256 1x10™* 20
Expl-SCL 246 256 1x10™* 20
Expl-LogSL 165 256 1x10™* 20
Expl-LSLP 282 256 1x10™ 20
Exp1-SCLP 246 256 1x10™* 20
Expl-LogSLP 165 256 1x1074 20

Table 5.1: The cases in Experiment 1, along with their corresponding hyperparameters
and the number of training epochs.

5.1.1 Audio Evaluation

Table 5.2 shows that FAD scores do not exhibit significant differences between the
cases. However, the main distinction lies in the number of training epochs required to
achieve these scores. For example, the cases Expl-LogSL and Expl-LogSLP reached
their results in just 165 epochs, whereas Expl-LMSL and Expl-LSLP required 282
epochs. This suggests that Expl-LogSL and Expl-LogSLP introduce audio features
to the model more effectively than the other audio-related loss functions in this
experiment. Moreover, since the evaluation results on subsets of the training and test
data show no significant differences, this indicates that the models did not overfit to
the training data.

Table 5.2 shows that Expl-LMSL and Expl-LSLP perform slightly better on VGGish
embeddings for both the training subset and the test set. They also show slightly
better performance on PANNs embeddings for the training subset. However, Exp1-
LogSL and Expl-LogSLP perform slightly better on the test set according to PANNs
embeddings.

Subset of Train ‘ Test,
VGGish | PANNs | | VGGish |  PANNs |

Expl-LMSL 0.7454  0.0923x10° | 0.7325  0.1163x103
Exp1-SCL 0.7577  0.1292x10° | 0.7325  0.1563x103
Expl-LogSL 0.7586  0.0933x10° 0.7575  0.1095x10°
Expl-LSLP 0.7454  0.0923x10% | 0.7325  0.1163x10?
Expl1-SCLP 0.7577  0.1292x10? 0.7517  0.1563x10?
Expl-LogSLP  0.7586  0.0933x103 0.7575  0.1095x103

Case

Table 5.2: FAD scores of the cases in Experiment 1 on training subsets and test sets,
based on VGGish and PANNs embeddings.

Table 5.3 presents the MSE scores on the test set using different feature extraction
methods. Consistent with the FAD scores, the cases do not show significant differences
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overall. Expl-SCL and Expl-SCLP exhibit very similar performance. Expl-LogSL
performs slightly better in terms of STFT MSE, while Expl-LogSLP shows better
performance on MFCC and CQT MSE.

Case STFT MSE | MFCC MSE | CQT MSE |
Expl-LMSL 20.9128 881.284 18178.72
Expl-SCL 20.8169 896.875 18086.45
Expl-LogSL 20.6750 879.013 18093.40
Expl-LSLP 20.9374 885.940 18203.51
Expl-SCLP 20.8169 896.875 18086.45
Expl-LogSLP  20.6182 875.318 17659.07

Table 5.3: The cases in Experiment 1 and their corresponding MSE scores on the
test set, using different feature extraction methods.

The L1 loss distribution for each case was calculated based on STFT, MFCC,
and CQT features, and the Kruskal-Wallis H-test was applied to assess statistical
differences. The test did not reveal any statistically significant differences between
the distributions, except for the MFCC L1 loss. However, an effect size analysis
indicated that this difference was not meaningful. Therefore, the comparison of L1
loss distributions across feature extraction methods suggests that the cases perform
similarly.

5.1.2 Clustering Evaluation

For Experiment 1, the UMAP parameters were set to 50 for the number of neighbors
and 0 for the minimum distance. For DBSCAN, the epsilon value was set to 0.04,
and the minimum number of samples was set to 4.

Table 5.4 presents the number of clusters and noise samples identified after applying
DBSCAN to the latent vectors, along with the corresponding DBCV scores. The
case Expl-LMSL achieved the highest score, with a DBCV value of 0.4136, while
Expl-LSLP recorded the lowest score at 0.3595. Overall, the DBCV scores are
relatively close to one another, meaning the quality of clustering is similar across the
cases.

Case Cluster Number Noise DBCV 1
Expl-LMSL 818 3616 0.4136
Expl1-SCL 767 3293 0.3843
Expl-LogSL 772 3494 0.3778
Expl-LSLP 755 3202  0.3595
Expl-SCLP 767 3293  0.3843
Expl-LogSLP 772 3494 0.3778

Table 5.4: Clustering results for Experiment 1, including the number of clusters,
noise points, and DBCV scores.
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Figure 5.1 shows the UMAP plots for Expl-LMSL and Expl-LogSL, which achieved
the highest and one of the lowest clustering quality scores, respectively, according
to the DBCV metric. The left column displays the latent vectors before clustering,
while the right column shows the results after applying DBSCAN. Due to the large
number of clusters, some clusters may share the same color. UMAP plots for the
remaining cases can be found in Appendix B, in Figure B.1.

UMAP Projection & DBSCAN Clustering (Case: Expl-LMSL)

UMAP (No Clustering) UMAP + DBSCAN
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UMAP Projection & DBSCAN Clustering (Case: Expl-LogSL)
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Figure 5.1: UMAP plots of latent vectors (left) and their clustered versions using
DBSCAN (right). The first row shows results for Expl-LMSL, while the second row
corresponds to Expl-LogSL.

5.2 Outcomes of Experiment 2

As in Experiment 1, the models in this experiment were trained both for 500 epochs
and with early stopping. The only difference between these two setups was the
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learning rate: the early-stopped models used a fixed learning rate, while the models
trained for the full 500 epochs had their learning rate decreased every 100 epochs
after the 200th epoch. Similar to the results in Experiment 1, the models trained for
the full duration did not show signs of overfitting but also did not yield significant
performance improvements. Therefore, the early-stopped models were again selected
for presenting the results.

Table 5.5 shows the hyperparameters and the number of training epochs for each
case. Similar to Experiment 1, all cases used a batch size of 256, a fixed learning rate
of 1 x 107%, and an early stopping patience of 20 epochs. Compared to Experiment
1, the cases that included the TorchSynth layer generally required fewer training
epochs, except for Exp2-LogSL-ts and Exp2-LogSLP-ts.

Case Epochs Batch Size Learning rate Patient
Exp2-LMSL-ts 228 256 1x107* 20
Exp2-SCL-ts 228 256 1x107* 20
Exp2-LogSL-ts 199 256 1x10~* 20
Exp2-LSLP-ts 228 256 1x10°* 20
Exp2-SCLP-ts 228 256 1x1074 20
Exp2-LogSLP-ts 199 256 1x10™* 20

Table 5.5: The cases in Experiment 2, along with their corresponding hyperparameters
and the number of training epochs.

5.2.1 Audio Evaluation

The FAD scores in Table 5.6 do not show significant differences, similar to the results
in Experiment 1, even though most cases in Experiment 2 required less training.
Exp2-LMSL-ts shows slightly better performance on VGGish embeddings for both
the training subset and the test set, while Exp2-SCL-ts performs slightly better on
PANNs embeddings for the same sets.

Subset of Train ‘ Test,
VGGish |  PANNs | | VGGish |  PANNs |

Exp2-LMSL-ts 0.7442 0.1213x103 0.7435 0.1349x103
Exp2-SCL-ts 0.7467  0.1135x103 0.7495 0.1274x10°
Exp2-LogSL-ts 0.7500 0.1362x 103 0.7558 0.1416x10?
Exp2-LSLP-ts 0.7442 0.1213x103 0.7495 0.1274x10°
Exp2-SCLP-ts 0.7467 0.1274x103 0.7495 0.1274x10°
Exp2-LogSLP-ts 0.7500 0.1362x103 0.7558 0.1416x103

Case

Table 5.6: FAD scores of the cases in Experiment 2 on training subsets and test sets,
based on VGGish and PANNs embeddings.

Table 5.7 presents the spectral MSE scores for the cases in Experiment 2. FExp2-
LogSL-ts shows the best performance on STFT MSE, while Exp2-SCLP-ts performs
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slightly better on MFCC MSE. For CQT MSE, Exp2-LMSL-ts achieves the best
performance.

Case STFT MSE | MFCC MSE | CQT MSE |
Exp2-LMSL-ts 22.3714 918.207 18946.33
Exp2-SCL-ts 22.3709 917.534 19331.513
Exp2-LogSL-ts 22.0708 927.233 19463.56
Exp2-LSLP-ts 22.4194 918.468 19249.80
Exp2-SCLP-ts 22.2498 917.315 19124.00
Exp2-LogSLP-ts 22.0796 921.654 19124.85

Table 5.7: The cases in Experiment 2 and their corresponding MSE scores on the
test set, using different feature extraction methods.

The L1 distributions based on STFT, MFCC, and CQT for the cases in Experiment
2 were also compared. However, the Kruskal-Wallis H-test did not reveal any
statistically significant differences.

5.2.2 Clustering Evaluation

For Experiment 2, the same parameters from Experiment 1 were used for both
UMAP and DBSCAN. In UMAP, the number of neighbors was set to 50 and the
minimum distance to 0. For DBSCAN, the epsilon value was set to 0.04, and the
minimum number of samples was set to 4.

Table 5.8 presents the cases along with their corresponding cluster numbers, the
amount of noise data, and the DBCV scores for each clustering result. The cases
Exp2-LMSL-ts, Exp2-SCL-ts, Exp2-LSLP-ts, and Exp2-SCLP-ts all achieved the
same DBCYV score of 0.3871, indicating similar clustering performance. In contrast,
Exp2-LogSL-ts and Exp2-LogSLP-ts yielded slightly lower DBCV scores of 0.3591.

Case Cluster Number Noise DBCV 1
Exp2-LMSL-ts 775 3143  0.3871
Exp2-SCL-ts 775 3143  0.3871
Exp2-LogSL-ts 778 3300  0.3591
Exp2-LSLP-ts 775 3143  0.3871
Exp2-SCLP-ts 775 3143  0.3871
Exp2-LogSLP-ts 778 3300  0.3591

Table 5.8: Clustering results for Experiment 2, including the number of clusters,
noise points, and DBCV scores.

Figure 5.2 illustrates Exp2-LMSL-ts and Exp2-LogSL-ts as examples of UMAP
visualizations without and with clustering using DBSCAN, respectively. These cases
were selected because Exp2-LMSL-ts represents one of the best-performing clustering
models, while Exp2-LogSL-ts has one of the lower DBCV scores. Additional UMAP
plots for other cases are provided in Appendix B, Figure B.2.
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UMAP Projection & DBSCAN Clustering (Case: Exp2-LMSL-ts)
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Figure 5.2: UMAP plots of latent vectors (left) and their clustered versions using
DBSCAN (right). The first row shows results for Exp2-LMSL-ts, while the second
row corresponds to Exp2-LogSL-ts.

5.3 QOwutcomes of Experiment 3

In Experiment 3, the models were trained using two approaches: for a fixed 250
epochs and with early stopping. For the models trained for 250 epochs, the learning
rate was reduced after epoch 200. In contrast, a fixed learning rate was used for
the early stopping cases. As observed in previous experiments, the models trained
for 250 epochs produced results similar to those with early stopping. Therefore, the
outcomes from the early stopping models are also considered representative for this
experiment.

Table 5.9 lists the training hyperparameters and the number of epochs each case was
trained for. Since these models were fine-tuned on top of a baseline model that had
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already been trained for 1000 epochs, the listed epochs represent only the fine-tuning
phase. The batch size used in this experiment was larger, 512, compared to previous
experiments, due to the availability of more GPU cores. On the other hand, the
patience parameter for early stopping was set lower than in earlier experiments, as
the models had already undergone extensive pretraining, making them easier to
fine-tune.

Case Epochs Batch Size Learning rate Patient
Exp3-STFT 59 512 1x107* 10
Exp3-MFCC 55 512 1x107* 10
Exp3-CQT 70 512 1x10°* 10

Table 5.9: The cases in Experiment 3, along with their corresponding hyperparameters
and the number of training epochs.

5.3.1 Audio Evaluation

Table 5.10 presents the FAD scores for the cases in Experiment 3. Among all metrics,
Exp3-MFCC demonstrates the best performance, followed by Exp3-STFEFT, while
Exp3-CQT shows the lowest performance, despite being trained for a higher number
of epochs.

Subset of Train ‘ Test
VGGish | PANNs | | VGGish |  PANNs |

Exp3-STFT 1.6308 0.5406x 103 1.6091 0.5326x10?
Exp3-MFCC  1.6120 0.5047x10% | 1.6077 0.5246x10°
Exp3-CQT 1.6466 0.5874x103 1.6424 0.6041x103

Case

Table 5.10: FAD scores of the cases in Experiment 3 on training subsets and test
sets, based on VGGish and PANNs embeddings.

Table 5.11 presents the MSE scores based on different feature extraction methods.
The results indicate that each model performed best on the spectral metric it was
trained with. Exp3-STFT achieved the lowest MSE on STFT features, Exp3-MFCC
on MFCC features, and Exp3-CQT on CQT features. This suggests that models
are most effective when evaluated using the same feature representation they were
trained on.

The L1 loss distributions for each spectral metric (STFT, MFCC, and CQT) were
also compared across the cases. Although the Kruskal-Wallis H-test indicated a
statistically significant difference among the distributions, the effect size suggests
that the difference is not essentially meaningful.
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Case STFT MSE | MFCC MSE | CQT MSE |
Exp3-STFT 25.5990 1022.803 35544.23
Exp3-MFCC 25.9966 1010.494 35200.91
Exp3-CQT 25.7877 1025.180 33915.05

Table 5.11: The cases in Experiment 3 and their corresponding MSE scores on the
test set, using different feature extraction methods.

5.3.2 Clustering Evaluation

For this experiment, the same UMAP parameters were used as in the previous
experiments: the number of neighbors was set to 50, and the minimum distance was
0. However, the epsilon parameter in DBSCAN was slightly increased to 0.05, while
the minimum samples parameter remained at 4. The increase in epsilon was made
because the UMAP plots showed more clearly separated latent vectors, particularly
for Exp3-STFT and Exp3-MFCC, as illustrated in Figure 5.3.

Table 5.12 presents the number of clusters, noise samples, and the corresponding
DBCYV scores. Among the cases, Exp3-STFT demonstrates the highest clustering
quality with a DBCV score of 0.3626, followed by Exp3-MFCC with a score of 0.3519.
However, Exp3-CQT shows relatively lower clustering quality, with a DBCV score of
0.3129, compared to the other cases.

Case Cluster Number Noise DBCV 1
Exp3-STET 656 4039  0.3626
Exp3-MFCC 646 4449  0.3519
Exp3-CQT 648 2543 0.3129

Table 5.12: Clustering results for Experiment 3, including the number of clusters,
noise points, and DBCV scores.

5.4 Answering Research Questions

This section provides direct answers to the research questions:

« RQ1: Experiment 1 and Experiment 2 were designed to answer the first research
question, which focuses on identifying which loss function formulations perform
better in terms of reconstruction accuracy and latent space organization. As
detailed in the previous sections, the models did not show significant differences
in reconstruction quality or latent space structure. They achieved similar
results based on FAD scores and spectral metrics. However, the models differed
in training efficiency. In terms of clustering performance, the Expl-LMSL
model achieved the highest DBCV score among all evaluated models.

o« RQ2: Experiment 3 addresses this research question, which investigates which
feature extraction method is most effective at capturing sound features. Accord-
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UMAP Projection & DBSCAN Clustering (Case: Exp3-STFT)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp3-MFCC)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp3-CQT)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

Figure 5.3: UMAP plots of latent vectors (left) and their clustered versions using
DBSCAN (right).
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ing to the FAD evaluation, MFCC demonstrated slightly better performance.
On the other hand, spectral metrics indicated that each feature extraction
method performed best when the evaluation used the same representation as
the one it was trained on. Additionally, the model using the STFT method
achieved slightly better results in terms of clustering quality.
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5.5 Example Results

This section presents selected examples to illustrate the quality of reconstruction, the
organization of the latent space, and the clustering capabilities. The Exp1-LMSL case
was chosen for these examples because it demonstrated slightly better performance
across most reconstruction quality metrics and achieved the highest DBCV score.

5.5.1 Latent Space Interpolation

Interpolating between two different audio samples in the latent space can reveal both
the organization of the latent space and the model’s reconstruction capabilities.

To explore this, two audio samples were selected from the test dataset to evaluate
the model’s performance with unseen data. The parameters of these samples were
encoded into the latent space, and then five linear interpolation steps were generated
between them. The resulting latent vectors were decoded to to obtain reconstructed
parameters. Next, these parameters are used to synthesize the corresponding audio
signals.

Figure 5.4 displays the waveforms of the two original audio samples selected from the
test dataset. Waveforms were chosen to represent these signals for easier visual com-
parison across interpolation steps. In the plots, the y-axis represents the amplitude
of the sound, while the x-axis corresponds to time.
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Figure 5.4: The waveform of two samples from test set.

Figure 5.5 illustrates the reconstructed versions of the two original audio samples,
along with the five linear interpolation steps between them.

5.5.2 Original and Reconstructed Sound Comparison

To analyze the reconstruction quality of the Expl-LMSL model, two examples from
the test set are presented in Figure 5.6 and Figure 5.7. These examples demonstrate
the model’s ability to reconstruct audio from unseen data. Both figures include
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Figure 5.5: Reconstructed audio samples and interpolation steps between them from
the Expl-LMSL model.
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overlaid waveform comparisons and spectrograms of the original and reconstructed
audio signals, providing detailed understanding of the signals in both the time and
frequency domains.

Original vs Reconstructed Sound Comparison (idx=1)

Waveform Comparison (Overlay)

1001 — original
~— Reconstructed

Amplitude
°
3
8

0.0 0.2 0.4 0.6 0.8 10
Time (s)

Original Sound's Spectrogram Reconstructed Sound's Spectrogram

16384 — = +40 dB 16384 +40 dB
8192 +30d8 8192 +30dB
4096 +20dB +20 dB
2048

+10 dB +10 dB
+0dB +0dB
512
-10dB -10dB.
256
-20dB 208
128
64 -30dB -30dB
0 -40 dB -40 dB
) 015 03 0.45 06 0.75 09
Time

Figure 5.6: Original and reconstructed audio signals of index sound 1, including
overlaid waveforms and spectrograms from the Expl-LMSL model.

Figure 5.7 illustrates the reconstruction capability of the Expl-LMSL model for test
signal index 88, while Figure 5.8 shows the corresponding reconstruction from the
Expl-LSLP model. This comparison highlights differences in their ability to preserve
phase information during reconstruction.
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Figure 5.7: Original and reconstructed audio signals of index sound 88, including
overlaid waveforms and spectrograms generated by the Expl-LMSL model.
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Original vs Reconstructed Sound Comparison (idx=388)
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Figure 5.8: Original and reconstructed audio signals of index sound 88, including
overlaid waveforms and spectrograms generated by the Expl-LSLP model.

5.5.3 Clustering Analysis

Three mid-sized clusters were randomly selected from the latent space of the Expl-
LSLP model, using a subset of the training set, to examine the organization of the
UMAP representation. The Expl-LSLP model was chosen because it achieved the
highest DBCV score for clustering.

Each selected cluster contains 15 samples. Below, the average FFT of the samples

within each cluster is plotted over frequency, and the positions of the clusters on the
UMAP are also visualized.

Average FFT per Cluster (Log Scale)

Cluster 305 Selected Clusters in UMAP Space

~— Cluster 385
Cluster 492
Other
Cluster 305
Cluster 385
Cluster 492

Logarithmic Magnitude of FFT Amplitude
UMAP-2

o 5000 10000 15000 20000 UMAP-1
Frequency (Hz)

Figure 5.9: Average FFT scores across frequencies (left) and cluster locations visual-
ized on the UMAP (right).
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Discussion

This chapter discusses the major findings from the results presented in Chapter 5.
Section 6.1 provides a detailed analysis of the models’ reconstruction capabilities,
while Section 6.2 examines the clustering performance.

6.1 Findings on Reconstruction Quality

The results of FAD and spectral MSE metrics within each experiment were generally
consistent. Interestingly, in most cases, models trained with a magnitude-only
loss function and those trained with the same loss function augmented with phase
information (e.g., SCL vs. SCLP) required a similar number of training epochs
and produced nearly identical FAD and spectral MSE scores. This suggests that,
under the given conditions, incorporating angle information may not significantly
impact model performance. However, as shown in the reconstruction comparison
between Expl-LMSL (Figure 5.7) and Expl-LSLP (Figure 5.8), the inclusion of phase
information appeared to improve waveform alignment, particularly at the peaks.
Despite this visual improvement, the difference remained minimal when evaluated
using FAD and spectral MSE metrics.

In the first experiment, Expl-LogSL and Expl-LogSLP required significantly fewer
training epochs compared to the other models. This suggests that LogSL and LogSLP
enable the models to learn audio features more efficiently.

By comparing the number of training epochs between the models in Experiment 1
and Experiment 2, where the hyperparameters were kept the same but Experiment 2
included an additional TorchSynth layer after the decoder, it appears that the added
layer helped the models learn more efficiently. In most cases, models in Experiment
2 required fewer epochs to converge compared to those in Experiment 1, with the
exceptions of Exp2-LogSL-ts and Exp2-LogSLP-ts. Although these models required
more epochs than their counterparts in Experiment 1, they still needed fewer epochs
than the other models in Experiment 2.

When comparing the reconstruction quality of the two experiments, models from
Experiment 1 achieved slightly better results in terms of both FAD and spectral
MSE scores. This suggests that although adding the synth layer in Experiment 2
improves training efficiency, the models may require more training to reach the same
level of accuracy as those in Experiment 1.
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In Experiment 3, the model using MFCC as the feature extraction method performed
slightly better than the others in terms of FAD scores. This suggests that MFCC
may be more effective in helping the model learn perceptual features of sound.

Another finding from Experiment 3 is that models trained with a specific feature
extraction method tend to perform better when evaluated using the MSE score of
that same method. This suggests that models are most effective when assessed using
the same feature representation they were trained on. Additionally, this indicates
that the models successfully learned audio features through the feature extraction
method used in the loss function.

The experiment 3 showed the lowest FAD and spectral MSE scores compared to
the other experiments. This may be attributed to the fact that the models were
primarily trained using only reconstruction parameter loss, without incorporating
any audio-related loss functions. Since these parameters are not necessarily directly
related to audio features, the models may have struggled to capture meaningful audio
representations.

Another possible reason for the models’ lower performance in Experiment 3, compared
to the other experiments, could be the nature of the audio-related loss function used.
As shown in Equation 4.1, this loss function produces relatively low output values
due to normalization. This may not sufficiently encourage the model to focus on
learning audio features. Increasing the weight of this loss component could potentially
improve the model’s ability to capture spectral characteristics.

Additionally, the model Exp3-CQT required significantly more training time com-
pared to Exp3-STFT and Exp3-MFCC, due to the higher computational cost of the
CQT feature extraction. It also took the longest to train, reaching 70 epochs. Under
these conditions, its associated loss function, CQT-SCLP, may not be an ideal choice.

As shown in the waveform examples in Figures 5.7 and 5.8, the amplitude of the
reconstructed sounds tends to start low and gradually increase toward the end of the
sound. This pattern is commonly observed across the reconstructed outputs of the
models. One possible explanation is that the dataset contains many examples with
similar amplitude envelopes, leading the model to replicate this trend. Additionally,
the synthesizer parameters might be insufficient to represent the envelope of the
sounds effectively. Another possible explanation is that the feature extraction
methods used in the project do not contain envelope information directly, making it
difficult for the model to capture this aspect of signals.

One limitation is the example of linear interpolation in the latent space was visualized
using only waveforms, as shown in Figure 5.5. This choice was made to simplify the
step-by-step comparison and due to space constraints on a single page. However,
using only waveform representations may not fully capture or reflect the underlying
audio features. Moreover, to obtain more generalized and interpretable interpolation
results, additional steps should be taken such as perceptual metrics, or listener
evaluations.

A factor that may limit audio quality is the 1:3 ratio between reconstruction loss and
spectral loss, which may not be sufficient to strongly encourage the model to learn
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the spectral features of sounds. Therefore, assigning a larger weight 3 to the spectral
loss component in the loss function, as shown in Equation 4.4, could help the model
place greater emphasis on spectral characteristics during training. Moreover, the
latent space used in this project is relatively small compared to those in many studies
in the literature. This limited dimensionality may restrict the model’s capacity to
capture deeper insights from the data.

6.2 Findings on Clustering Quality

The model Expl-LMSL achieved the highest DBCV score among all models. Most
models scored around 0.35-0.38, while Exp3-CQT showed a lower score of 0.31.
However, it is important to note that these scores may not directly reflect the true
quality of the latent space. Since the evaluation is based on a reduced-dimensional
representation of the latent space, some information may be lost during the dimen-
sionality reduction process. Additionally, both the UMAP dimensionality reduction
method and the DBSCAN clustering algorithm are sensitive to their respective
hyperparameters, which can significantly influence the results.

There were 10,000 samples in the visualized latent spaces, with more than 600 clusters
identified in all cases. Additionally, around 3,000 samples were classified as noise.
These numbers are reasonable given the high diversity of sounds in the dataset. As
a result, it was expected to observe many small clusters and a significant number of
samples labeled as noise by the clustering algorithm.

In most cases, the shape of the samples in the UMAP plot for Experiment 1 resembled
a circle, as shown in Figure 5.1. In contrast, the shape in Experiment 2 was more
elliptical, as illustrated in Figure 5.2. Interestingly, the UMAP plot for Experiment
3 displayed a rougher circular shape compared to Experiment 1. Moreover, the
grouping in the Exp3-STFT and Exp3-MFCC plots was noticeably clearer than in
the other visualizations.

One notable observation about the general shape of the UMAP projections was that
they tend to resemble circular or elliptical forms, rather than appearing arbitrary.
One possible explanation is that the KL divergence component of the loss function
may lead the model’s latent space to be similar to a Gaussian distribution. Another
contributing factor could be the dimensionality reduction itself which from a relatively
high-dimensional space (16 dimensions) to just 2. This may naturally result in more
rounded shapes in the projection.

The clustering analysis presented in Section 5.4.3 highlights three distinct clusters
selected from different regions of the UMAP visualization. The average FFT values
of these clusters were shown to illustrate their differences in audio features. However,
it is difficult to interpret the differences between clusters using this plot, as it appears
noisy and lacks clear patterns. Moreover, this example does not provide a generalized
view of the overall clustering structure. Therefore, further steps should be taken to
analyze the clusters more deeply such as computing the cosine similarity between
sounds.
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Another approach to analyzing the clustering structure of the latent space would
be applying DBSCAN first and then reducing the dimension using UMAP. With
this method, the true structure of the latent space could be clustered without losing
information during dimensionality reduction. However, since there are many small
clusters in the latent space due to sound diversity, it might become harder to observe
the general structure. This is because different clusters must share the same colors,
as there are not enough distinct colors to represent each cluster individually.

50



-

Conclusion

In this study, various spectral loss functions and feature extraction methods (STFT,
MFCC, and CQT) were explored within a VAE framework based on synthesizer
parameters. Three experimental setups were designed, evaluating a total of 15 models
for their performance in sound reconstruction and the organization of the latent
space. Reconstruction quality was assessed using FAD scores based on VGGish and
PANNs embeddings, as well as spectral MSE and L1 loss computed using STFT,
MFCC, and CQT features of sounds. Clustering quality in the reduced-dimensional
latent space was evaluated using the DBCV metric.

The first experiment focused on comparing different spectral loss functions using
STFT as the feature extraction method. These loss functions included LMSL, SCL,
LogSL, and their respective versions incorporating phase information. The second
experiment assessed the impact of a differentiable audio synthesis technique by
incorporating a TorchSynth layer after the decoder, using the same loss functions
from the first experiment. The third experiment examined the effectiveness of
different feature extraction methods such as STFT, MFCC, and CQT when used
within the Spectral Convergence loss. In this setup, models were initially trained
using only synthesizer parameters, and the spectral loss functions were introduced
afterward to evaluate their impact.

The FAD and spectral loss metrics indicate that there were no significant differences
in reconstruction quality between cases in both Experiment 1 and Experiment 2.
However, even though the reconstruction quality score of Experiment 2 was slightly
lower compared to the scores of Experiment 1, most models in Experiment 2 learned
more effectively and required fewer training epochs. Experiment 3 suggested that
initially training with only synthesizer parameters and then introducing audio feature
extraction methods was less effective for reconstruction quality compared to the
other experiments.

The model Expl-LMSL achieved the highest DBCV score among all models, indi-
cating better clustering quality. However, all models exhibited a significant number
of clusters and noise, which may be attributed to the high diversity of sounds
represented in the latent space.

In summary, this study systematically compared the effects of different audio-related
loss functions and audio feature extraction methods on a VAE framework, evaluating
both reconstruction quality and latent space organization through detailed analysis.
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Additionally, it explored the effectiveness of incorporating differentiable synthesis
layers into the model architecture.

7.1 Future Work

This study can be improved in several ways in the future:

Improving the envelope of reconstructed audio: The envelope feature of
reconstructed sounds can be enhanced by incorporating envelope characteristics
into future models. This could be achieved by using feature extraction methods
specifically designed to capture amplitude envelopes.

Focused model exploration: The results of this study can guide future
researchers to focus on the most promising model configurations for more
in-depth investigation and optimization.

Human listening evaluations: For a deeper understanding of reconstruction
quality, listening tests with human participants could be organized for subjective
evaluation. The results of these evaluations can be compared with the metrics
used in this study to validate the accuracy of the current evaluation approaches.

Deeper latent space analysis: To gain a better understanding of the latent
space’s structure and organization, more generalized comparisons between
clusters could be performed. For example, using cosine similarity within and
across clusters could provide insights into how well similar sounds are grouped
in the latent space.

Analyzing the effect of synthesizer parameters on the latent space: To
better understand how synthesizer parameters influence the latent space, each
parameter can be systematically varied while observing the resulting changes
in the latent representations. This analysis could reveal whether the latent
space responds linearly or nonlinearly to specific parameter changes.

Interactive latent space tools: Developing interactive tools for exploring
the latent space could benefit musicians and producers by providing audio
feature based representation of sounds of sounds for creative exploration.

7.2 Ethical Considerations

This project adheres to ethical standards of NIME (New Interfaces for Musical
Expression) that is institution acknowledged for highest ethical guideline for research
and artistic production. The project involves generating a sound dataset using open-
source libraries, ensuring that there are no ethical concerns related to data privacy
or the use of proprietary content. Moreover, the project was utilized open-source
libraries and the finalized code for the project is available ! to everyone.

"https://github.com/ipekkorkmz/SynthParam-VAE
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Table A.1: All module parameters and value ranges (1/2)

Module Parameter Range
keyboard midi_ {0 (0, 127)
keyboard duration (0.01, 4.0)
adsr 1 attack (0.0, 2.0)
adsr__1 decay (0.0, 2.0)
adsr_ 1 sustain (0.0, 1.0)
adsr__1 release (0.0, 5.0)
adsr_1 alpha (0.1, 6.0)
adsr 2 attack (0.0, 2.0)
adsr_ 2 decay (0.0, 2.0)
adsr_ 2 sustain (0.0, 1.0)
adsr_ 2 release (0.0, 5.0)
adsr_ 2 alpha (0.1, 6.0)
Ifo 1 frequency (0.0, 20.0)
Ifo 1 mod__depth (-10.0, 20.0)
Ifo 1 initial phase (—m, m)
Ifo 1 sin (0.0, 1.0)
Ifo_1 tri (0.0, 1.0)
Ifo_1 saw (0.0, 1.0)
Ifo 1 rsaw (0.0, 1.0)
Ifo 1 sqr (0.0, 1.0)
Ifo 2 frequency (0.0, 20.0)
Ifo_ 2 mod__depth (-10.0, 20.0)
lfo_ 2 initial _phase (—m, )
Ifo_ 2 sin (0.0, 1.0)
lfo 2 tri (0.0, 1.0)
Ifo_ 2 saw (0.0, 1.0)
Ifo 2 rsaw (0.0, 1.0)
lfo_ 2 sqr (0.0, 1.0)
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Table A.2: All module parameters and value ranges (2/2)

Module Parameter Range

Ifo 1 amp adsr attack (0.0, 2.0)
Ifo 1 amp adsr decay (0.0, 2.0)
Ifo 1 amp adsr sustain (0.0, 1.0)
Ifo 1 amp adsr release (0.0, 5.0)
Ifo 1 amp adsr alpha (0.1, 6.0)
Ifo 2 amp adsr attack (0.0, 2.0)
Ifo 2 amp adsr decay (0.0, 2.0)
Ifo 2 amp adsr sustain (0.0, 1.0)
Ifo 2 amp adsr release (0.0, 5.0)
Ifo 2 amp adsr alpha (0.1, 6.0)
Ifo 1 rate adsr attack (0.0, 2.0)
Ifo 1 rate adsr decay (0.0, 2.0)
Ifo 1 rate adsr sustain (0.0, 1.0)
Ifo 1 rate adsr release (0.0, 5.0)
Ifo 1 rate adsr alpha (0.1, 6.0)
Ifo 2 rate adsr attack (0.0, 2.0)
Ifo 2 rate adsr decay (0.0, 2.0)
Ifo 2 rate adsr sustain (0.0, 1.0)
Ifo 2 rate adsr release (0.0, 5.0)
Ifo 2 rate adsr alpha (0.1, 6.0)
mod matrix adsr_1—vco_1_pitch | (0.0, 1.0)
mod matrix adsr_2—vco_2_pitch | (0.0, 1.0)
mod matrix Ifo 1—vco 1 amp (0.0, 1.0)
mod matrix Ifo 2—vco 2 amp (0.0, 1.0)
mod matrix adsr 1—mnoise amp (0.0, 1.0)
veo 1 tuning (-24.0, 24.0)
veo 1 mod_ depth (-96.0, 96.0)
veo_ 1 initial _phase (=, )

veo 2 tuning (-24.0, 24.0)
veo 2 mod _depth (-96.0, 96.0)
veo_ 2 initial phase (—m, m)

veo 2 shape (0, 1)
mixer veo_ 1 (0.0, 1.0)
mixer veo_ 2 (0.0, 1.0)
mixer noise (0.0, 1.0)

ITT
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UMAP Projection & DBSCAN Clustering (Case: Exp1-SCL)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp1-LSLP)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp1-SCLP)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Expl-LogSLP)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
n

UMAP-2
n

Figure B.1: UMAP plots of latent vectors (left) and their clustered versions using
DBSCAN (right).
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UMAP Projection & DBSCAN Clustering (Case: Exp2-SCL-ts)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp2-LSLP-ts)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2

UMAP-1 UMAP-1

UMAP Projection & DBSCAN Clustering (Case: Exp2-SCLP-ts)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2

UMAP Projection & DBSCAN Clustering (Case: Exp2-LogSLP-ts)

UMAP (No Clustering) UMAP + DBSCAN

UMAP-2
IS
UMAP-2
IS

UMAP-1 UMAP-1

Figure B.2: UMAP plots of latent vectors (left) and their clustered versions using
DBSCAN (right).
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