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ABSTRACT

Musical timbre transfer is the task of re-rendering the musical content
of a given source using the rendering style of a target sound. The
source keeps its musical content, e.g., pitch, microtiming, orchestra-
tion, and syncopation. I specifically focus on the task of transferring
the style of percussive patterns extracted from polyphonic audio us-
ing a Mel GAN-VC model [57] by training acoustic properties for each
genre. Evaluating audio style transfer is challenging and typically re-
quires user studies. An analytical methodology based on supervised
and unsupervised learning including visualization for evaluating musi-
cal timbre transfer is proposed. The proposed methodology is used to
evaluate the Mel GAN-VC model for musical timbre transfer of drum
tracks. The method uses audio features to analyze results of the timbre
transfer based on classification probability from Random Forest clas-
sifier. And K-means algorithm can classify unlabeled instances using
audio features and style-transformed results are visualized by t-SNE
dimensionality reduction technique, which is helpful for interpreting
relations between musical genres and comparing results from the Ran-

dom Forest classifier.
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Chapter 1

Introduction

Music Information Retrieval (MIR) research is an interdisciplinary area
combining with computer science and music. MIR includes aspects
of machine learning, artificial intelligence, signal processing, computer
music, and musicology. Typical MIR tasks can be summarized as fol-
lows: music classification or recommendation systems, audio feature
extraction including manipulation, audio source separation, automatic
music transcription, and music generative systems. Audio Style Trans-
fer (AST) using Generative Adversarial Networks (GANs) in music
domain can also be classified as a MIR task, because it accompanies
audio manipulation, audio feature extraction, and audio texture synthe-
sis using deep learning. AST algorithms train acoustic properties and
timbral textures from arbitrary length audio that has distinctive char-

acteristics depending on the musical genre. The algorithms can transfer



the acoustic properties from an original genre to a target genre. As a
result, the output has the style of the target music genre based on the
original genre track. And its computational evaluation methodology is
an important topic to analyze the output, since the evaluation in most
AST papers simply compares spectrograms of each case: source, target,

and style-transformed audio, without analytical methods.

1.1 Motivation

The motivation for this research is to explore how GANs can be used
to perform music style transfer in the audio domain. More specifically,
I focus on two problems: 1) experimenting with the Mel GAN-VC algo-
rithm for transforming drum parts of arbitrary polyphonic audio from
one music genre to another musical genre, 2) proposing a computer-
based methodology based on supervised and unsupervised learning that
can be used to evaluate musical timbre transfer.

The motivation for this research starts from classification for mono-
phonic drum samples which are regarded as a relatively simple problem
that could be solved by traditional machine learning algorithms, such
as decision trees (DT), random forest (RF), linear support vector ma-
chines (Linear SVMs) and multi-layer perceptrons (MLP) with more

than 95% accuracy. From the result, I conclude it is overly simple



to classify short-length monophonic drum sounds, such as each drum
sample for a hi-hat, bass, and snare, respectively. After the trial of
the previous problem, automatic drum transcription (ADT) [79] is the
next step in my experiments. The state-of-the-art approach for ADT
is OaF drums', which considers note velocity level for the first time in
ADT research area and data sets so it enhances the perceptual quality

of drums for listeners, invented by Google Magenta team [12]. Figure

Pipelines For Polyphonic Drum Transcription

before HPS Transcription) e Playing MIDI Wa}/efor{n Al
(Limitations)

N " Drum Stem by Spleeter Extrzicted [P Combine With Enzee O LTt
Orignal Waveform File (Percussive) Waveform N Waveform File (Works
before HPS T Harmonic Part P
File Significantly better)

a Generate Output
Pipeline 1 (MIDI) Orignal Waveform File ‘ Drum Stem by Spleeter ‘ OaF (Magenta Drum Drum Machine For

The original waveform Orignal Waveform File
file

Figure 1.1: Pipelines for polyphonic drum transcription.

1.1 is showing implemented experiments to compare methods. Audio
source separation tool called Spleeter? [33] and harmonic percussive
source separation (HPSS?) are used for both methods for pre-processing
data sets to extract drum stems from the original audio waveform files.
The first method is using extracted Musical Instrument Digital Inter-

face (MIDI) to generate drum audio; on the other hand, the second

Thttps://magenta.tensorflow.org/oaf-drums
Zhttps://github.com/deezer /spleeter
3https://librosa.org/librosa_gallery /auto_examples/plot_hprss.html



approach does not include any symbolic or MIDI processing, so it is
computationally inexpensive and sounds more similar as opposed to
the original waveform files because of three main limitations on tradi-
tional drum transcription models. The first limitation is that the ADT
model is only working well with drum-only data sets and still mostly
focuses on transcribing snare, hi-hat and bass (kick) drums, although
even these three classes can not be perfectly transcribed by the state-
of-the-art method, such as Oaf drums. Another shortcoming is ADT
models are not able to detect differences between drum articulations.

4 snare drum articula-

According to the Superior Drummer 3 software
tions can be classified as 6 categories: center, off-center, edge, rim-shot,
cross-stick (or side-stick) and rim-only. And the last downside is a sym-
bolic approach requires extra steps to obtain an output, because MIDI
data should be pre-processed.

I decide to work on drum track style transfer using Mel GAN-VC
[57] based on a wav-to-wav approach in the audio domain. To the
best of our knowledge, there is no well-established quantitative evalu-
ation methodologies for neural audio (music) style transfer, although
there is a good example for evaluating style imitation corpora [21] and

quantifying musical style in symbolic domain [20]. Therefore, analyti-

cal evaluation pipelines for audio style transfer are proposed as shown

4https://www.toontrack.com/product /superior-drummer-3/



in Figure 4.1. In most music generative systems, it is ideal to have
human judgements who could tell the difference between music genres
easily and evaluate the results; however, it is also helpful to have com-
putational evaluation methods, since it is more efficient and easier to
integrate with a creative Al system. In addition, the subjectivity of

music genre makes human listeners evaluation more challenging.

1.2 Problem

A neural algorithm of artistic style [24] can be applied to 2-dimensional
representation of audio. For example, Figure 1.2 illustrates content im-
age and style (or target) reference image for each audio file. Each au-
dio contains different timbre information. And the neural style transfer
algorithm ° is implemented with the content and the style reference
image. The algorithm blends them together and the output may look
similar to the content image, but it is painted with the style of ref-
erence (or target) image, as shown in Figure 1.3. Thus, the stylized
image for audio has the mixed version of timbre information between
the content audio and the reference audio. For the example of musical
timbre transfer, Timbre-Enhanced Multi-Modal Music Style Transfer

[45] is implemented and the model can transfer music pieces to many

Shttps://www.tensorflow.org/tutorials /generative/style_transfer



pieces in another style. And as another example, modulated variational
auto-encoders (VAEs) are introduced for many-to-many musical tim-
bre transfer [3] and the model provides a single architecture, which can
perform many-to-many transfer (improved from one-to-one and one-to-
many architectures), including controlling parameters during training.

I study the AST problem which transfer acoustic properties from

Content Image

Style Image

Figure 1.2: Content and style audio for neural style transfer.

Stylized Image
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FN&LL t" ﬁ K
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Figure 1.3: Stylized audio by neural style transfer algorithm [24].

hip-hop drum tracks to metal drum tracks, and vice versa. Tempo-



ral properties is not considered in this case and all drum tracks are
extracted by source separation software on original polyphonic music
tracks. MelGAN-VC model [57] is used to achieve the musical tim-
bre transfer (MTT) on drum tracks. For the computational evalua-
tion, audio features are extracted from drum parts and analyzed based
on the musical genre. Thus, each genre has different characteristics
and can be classified by genre using machine learning algorithms, such
as supervised and unsupervised learning including visualization. This
task could be called percussive genre classification. And the output
of the MTT is evaluated applying the percussive genre classification

technique. Research contributions to the MTT are:

1. Experiments using MelGAN-VC [57] for musical timbre transfer

of drum tracks.

2. Pipelines for quantitative evaluation of musical timbre transfer

(Figure 4.1).

3. Exploration of audio feature importance for evaluating musical

timbre transfer on drum tracks.

4. Evaluation for musical timbre transfer of drum tracks using super-

vised and unsupervised learning with visualization.



1.3 Organization

Chapter 1 explains motivation for this research and addresses prob-

lems for musical timbre transfer.

Chapter 2 describes background knowledge, including previous works
for neural style transfer, of musical timbre transfer, and its com-

putational evaluation methods.

Chapter 3 gives explanations about the purpose, procedure, analysis

of musical timbre transfer.

Chapter 4 provides details about evaluation methods for musical tim-
bre transfer. The details include audio feature extraction and se-
lection. And evaluation pipelines using supervised and unsuper-
vised learning are proposed with results accompanying visuals and

plots.

Chapter 5 contains conclusions, limitations and directions for future

research.



Chapter 2

Related Work

Background and previous work are discussed in this chapter. For the
background, helpful concepts are covered to understand the previous
work for Neural Style Transfer (NST) and tackled problems in musical
timbre transfer (MTT) research. After that, previous works for NST
are tackled specifically for audio style transfer (AST) and symbolic style

transfer (SST) in music domain.

2.1 Background

Background and concepts for understanding the research problem are

covered as following.
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2.1.1 Generative Adversarial Networks (GANSs)

GANSs is a deep learning (DL) algorithm and mostly using two neural
networks. The concept of GANs was invented by Ian J. Goodfellow,
et al [27] at the university of Montreal in 2014; however, the initial
version of the GANs architecture was very challenging to train and not
stable enough to employ in real applications. Thus, the standardized
version of the GANs architecture called DCGAN (Deep Convolutional
Generative Adversarial Network) was introduced by Alec Radford, et
al [60]. Most GANs architecture are directly or indirectly based on
the DCGAN. Machine Learning (ML) algorithms can be classified into
two categories: Supervised Learning (SL) and Unsupervised Learning
(UL). When training SL algorithms, models have both input data (X)
and output labels (Y) so the training data initially contain the ground
truth Y, corresponding to X. When it comes to UL algorithms, models
predict output labels (Y) based on the input data (X), without having
the ground truth (Y). Thus, the UL algorithms tend to more depen-
dent on the training data or the input, compared to the SL algorithms.
GANSs can be considered as a UL task, since the model generates data
based on the training data without labels; however, this framework also
translates the UL problem as a SL problem by using an adversarial re-

lation between two neural networks. One of the networks is generating
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artificial data based on the training data and the other network is clas-
sifying the artificial data whether the generated instance is fake or not.
In this context, GANs is using the SL concept as a loss to improve the
whole architecture performance. This framework is to predict genera-
tive models by using an adversarial relation between a generator (G)
and a discriminator (D), so both G and D should be trained simulta-
neously to take advantage of their adversarial process, which is similar
to a minimax two-player game problem [26]. In this case, there are a
maximizer and a minimizer. The maximizer can be considered D and
the minimizer translated to G. The D is trained for maximizing proba-
bilities classifying synthetic data from the G. And the G is to generate
realistic synthetic data to deceive the D with training instances. Thus,
the D is for minimizing the difference between the training samples and
synthetic instances generated by G. In other words, the nature of ad-
versarial process is the backbone of GANs. The main purpose for using
this algorithm is to generate data sets, such as audio, images, videos,
speech, MIDI, etc. Deepfake [78] is a noticeable example for GANS.
Deepfakes are synthetic or artificial data, including videos and images
based on existing media. It is a powerful and controversial technique
to generate fake videos and images of public figures, since this tool can

potentially lead to spreading false information to the public.
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Generator

The role of a generator model is that it takes a random input vector
from training data sets and generates synthetic data based on that. In
the case of music domain, GANs can learn latent variables, or hidden
variables in music data which can not be observed directly by humans.
The latent variables can be regarded as compressed data distribution
from the training data. Thus, the GANs architecture is able to generate
new synthetic data based on the statistically learned music latent vari-
ables from the training data. For example, Google Magenta DDSP [19]
can be an efficient tool to explore and analyze latent variables. There

is a specific example for exploring latent timbre space for synthesis [67].

Discriminator

The role of a discriminator model is that it takes the synthetic data
from the generator as input. And the model implements binary classi-
fication for the synthetic data whether it is real or fake. If the generated
data is real, the classification accuracy is increased and it denotes the
generator model is able to produce plausible examples to confuse the
discriminator. On the other hand, if the synthetic data is classified fake,
the classification accuracy is decreased and loss functions in GANs try

to improve the poor performance of the generator. And iterations of
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the GANs training process should be repetitive, until the model can

generate reliable data from the generator.

Deep Convolutional Generative Adversarial Network (DCGAN)

r—‘—l
IDOZ{H :;)4 _ _______ i
4 . . S|

Stride 2 16

Project and reshape

CONV 2

Figure 2.1: The diagram of DCGAN generator from the original paper [60].

DCGAN [60] is a relatively stable version of the original GAN ar-
chitecture [27], which was introduced in 2014. For this architecture,
the generator (shown in Figure 2.1) uses 2-D transposed convolutional
layers for upsampling to generate an image based on a random seed as
input. First, it takes the seed as input and then typically it reshapes
the shape of the input. After that, it upsamples with four layers of
convolutional neural networks (CNNs). When it comes to the discrimi-
nator, it is a CNN-based image classifier to classify the synthetic image

from the generator as fake (negative values) or real (positive values).
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The whole DCGAN architecture is trained by the adversarial process

between the generator loss and the discriminator loss.

2.1.2 WaveGAN vs MelGAN

WaveGAN

The idea of WaveGAN architecture was devised by the paper titled Ad-
versarial Audio Synthesis written by Donahue et al in 2018 [18]. Wave-
GAN makes possible to train audio signals including temporal informa-
tion with GANs. Before the advent of WaveGAN, GANs architectures
were mostly based on DCGAN [60] and applied to generate images,

which are considered as 2-dimensional (2-D) data. The WaveGAN is

\
W* [HTTRECALMRTTRLECALY I [T AR

CLLILDIDRDAE 0 v o mwamm LTI O

Figure 2.2: Descriptions of DCGAN convolution (left) and WaveGAN convolution
operation (right) from the original paper [18].

able to convert 2-D data to 1-D data, including temporal information
of audio signals, because time information is a focal point in raw audio
signals, unlike images. In other words, the WaveGAN model is based

on the DCGAN, but it produces raw audio signals. For example, the
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DCGAN model includes calculations of the convolution, which treat 5
* 5 size of the image as 2-D arrays. On the contrary, the WaveGAN
model operates the transposed convolution by using the 1-D filter to
upscale 5 * 5 shape into length-25, as shown in Figure 2.2. In addition,
the WaveGAN uses "Phase Shuffle” technique to avoid pitched noise
artifacts that can reduce audio quality and interrupt GAN training,
when using standard transposed convolution. The phase shuffle oper-
ation alters the phase of each layer of the feature map by the range
of -n and +n samples. This technique is useful to improve discrimi-
nator’s performance by adding some randomness in the procedure and

the generator is able to generate higher quality audio signals.

MelGAN

MelGAN [40] was first initiated by Lyrebird Al in 2019 and inspired by
the concept of WaveGAN. WaveGAN proved generating coherent raw
audio waveform files is challenging to accomplish using GANs. With
the MelGAN architecture (shown in Figure 2.3), it is possible to ob-
tain coherent raw audio waveforms with high-quality, although mod-
elling raw audio still has limitations, such as random noise is included
with the output, and massive training data sets are required. Mel GAN

is a non-autoregressive (NAR) model, so the model is computation-
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Mel Spectogram Raw Waveform Discriminator Feature maps
l Block J + output
Conv Layer J
l _ Ave Pool Discriminator Feature maps
) Input sequence ve oo Block + output
Upsampling [8x]
Layer —_—
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s Dilated 5 Block J + output
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N\ AN E‘
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2x QOutput sequence l
A Downsampling [4x] | |
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—— Feat
Conv Layer ConvlLayer eature map
l ( Conv Layer —— Output
Raw Waveform \_ Y
(a) Generator (b) Discriminator

Figure 2.3: MelGAN Architecture, (a) Generator and (b) Discriminator, from the
original MelGAN paper [40)].

ally efficient, which makes it possible to train in real-time applications.
NAR models [61] generate a sequence of data in parallel; however, au-
toregressive (AR) models are based on the time-series, which consider
previous time steps to decide the next step. MelGAN architecture is
robust enough to be deployed for designing a Text-To-Speech (TTS)
system, because it is the first model that can successfully convert mel-
spectrograms (2D-image representation for raw audio signals) to speech
from text, without using perceptual loss functions. The TTS system
with MelGAN consists of two procedures: 1) the model designs mel-
spectrograms conditional on text, 2) the model generates raw audio

signals conditional on the mel-spectrograms from the first procedure.
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The MelGAN is not limited to generate a single raw waveform, and this
model does not require causal dependency from previous audio signals
because of the characteristic of the NAR model. For the architecture, it
uses three discriminators to train based on the widow size and dilated

covolutional networks are used to make the progress parallelizable.

2.1.3 Siamese Neural Networks (SNN)

The concept of Siamese Neural Networks (SNN) was introduced for the
first time in 1993 [7]. SNN is also called as a twin neural network be-
cause of its architectural characteristic. It is comprised of two identical
neural networks. The twin neural networks have same weights and each
network accepts each input, respectively. Before the output layer of this
network, a contrastive loss function is used to calculate the similarity

between two inputs as a part of the optimization process.

Transformation Vector Learning GAN (TraVeLGAN)

Transformation Vector Learning GAN (TraVeLGAN) [2] is the funda-
mental architecture for MelGAN-VC [57] architecture: generators, dis-
criminators, and siamese networks. The TraVeLGAN was introduced
to solve CycleGAN’s [82] limitations. CycleGAN only uses genera-
tors and discriminators without siamese networks. It is widely used

for solving image style transfer problems using a pixel-wise approach
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Figure 2.4: TraVeLGAN architecture from the original TraVeLGAN paper [2].

with cycle consistency. The main limitation of the CycleGAN is that
it shows lower performance for transferring diverse domains, not simi-
lar domains, because it cannot preserve high-level semantic differences
[80, 25, 5], such as shapes, types of specific objects, and composition, as

opposed to low-level pixel differences, e.g., color, resolution, and lines.



19

On the other hand, TraVeLGAN works better and can keep content in-
formation to solve an image style transfer problem in diverse domains.
In other words, the TraVeLGAN architecture can learn and use high-
level semantic differences for style-transferring images, when there are
significant differences between a source image and a target image. As
an audio style transfer example, each musical genre has significant dif-
ferences when both audio waveforms are represented as spectrograms,
and this problem is considered diverse domains, so it is challenging to
use CycleGAN to implement the audio style transfer from one genre to
another genre; however, TraVeLGAN works better in this case, because
it can keep content information from the specific musical genre from
the spectrogram. In this scenario, the main role of siamese networks is
to preserve vectorized semantic information from the spectrogram and
train for generating images from real images (as shown in Figure 2.4)

for implementing audio style transfer with a testing instance.

Traditional Deep Learning vs One-shot Learning

Conventional Deep Learning (DL) requires massive pre-processed data
sets for training models, and it is the biggest criticism on DL algo-
rithms, because a large amount of refined and labeled data sets are not

available in most real world applications. When it comes to one-shot
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learning, it reduces the amount of training data sets significantly, and
this concept is more similar to human’s learning experience. As an ex-
ample, children learn new concepts without studying large amount of
labeled data sets, especially when they are in early childhood in their
cognitive development. They could learn new words, and identify ob-
jects with a few examples or even one example, and sometimes without
any previous instances (they could make an inference based on similar
concepts learnt) [81]. When it comes to the application of SNN, the
siamese network can be applied to achieve one shot image recognition
[36]. One-shot learning models are able to recognize a random instance
based on the single observation of the target label. Thus, the models do
not need to require training with massive images, but the performance
of the models are as high as traditional DL algorithms. There are vari-
ations with one-shot learning. K-shot learning or few-shot learning is
one of them. K-shot learning model recognizes the "K” number of in-
stances from the target class during training the DL model. On the
other hand, zero-shot learning is the different case that the DL model

cannot observe any instances from the target label during the training.
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2.1.4 Audio Feature Extraction (AFE)

Extracting and processing audio features are critical to analyze audio
waveforms in music information retrieval (MIR), because most MIR
systems are built based on the low-level audio features. As an exam-
ple, Tzanetakis and Cook used timbral information, pitch, and rhyth-
mic features for the audio genre classification [71]. Peeters extracted
spectral rhythmic features to specifically implement the rhythm classi-
fication [58]. In addition, AFE technique was used even for the problem
of scene classification by analyzing audio features from sounds in the
specific scene content of a video sequence [43], because analyzing audio
from the scene was computationally more efficient, compared to analy-
sis of images or videos. There are a number of AFE toolboxes [55] that
MIR researchers use, such as Essentia [4], Librosa [50], MIR Toolbox

[41], jAudio [51], Marsyas [70], etc.

Essentia

Essentia is the most comprehensive MIR toolboxes writeen in C++
language including Python binding. This library covers all features in
MPEG [48] and can extract the highest numbers of features, as shown

in Figure 2.5.
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Figure 2.5: Percentage coverage of multiple feature sets depending on the audio
feature extraction toolbox, from the paper by Moffat et al [55].

Librosa

Librosa is convenient to use and pre-processs data sets, especially for
Python users, when they are experimenting with machine learning al-
gorithms, although it requires longer computation time, compared to

the C++ built library: Essentia.

MIR Toolbox

MIR toolbox is used in Matlab and this API can extract a large amount
of features. It includes pre-processing, classification, and clustering.

Moreover, distance matrices and audio similarity can be extracted. It
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can be worked in Matlab and Python environment.

jAudio

jAudio works with Java and it is based on Graphical User Interface
(GUI) with a standalone application. Thus, data mining software called

Weka [31] can be compatible easily with this library.

Marsyas

Marsyas is the C++ framework including Python binding, which can be
easily applied to real-time applications. In addition, Marsyas tools can
be used as Vamp plug-ins in Sonic visualiser [13]. And this framework

includes stereo panning features [73].

Applications Of Audio Features
Applications of audio features can be summarized as follows [55]:
1. Data Mining [42].
2. Data Classification [52].
3. Similarity Measures [30].
4. Evaluating Synthesis Techniques [32].

5. Feature-based Synthesis [34].
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6. Statistical Synthesis [49].
7. Feature Extraction Linked to Audio Effects [65].

Features for content-based audio retrieval are classified and explained

thoroughly by Mitrovi¢ et al [54].

2.1.5 Feature Importance & Feature Selection

Estimating feature importance and selecting appropriate features are
the most important part in feature engineering. And the feature en-
gineering is a critical procedure to train machine learning algorithms,
because the performance of ML models are heavily dependent on the
features. When training ML models, the models tend to be over-fitting,
where a number of less important features, or redundant features are
included in the training set. Thus, selecting proper features in each
specific scenario is one of the useful techniques that models can avoid
over-fitting and improve performance of the models including less com-
putation time and reducing non-informative features. There are plenty
of feature selection methods and most of them are based on statistics.
The feature selection methods [14] can be classified into two groups,
such as supervised methods and unsupervised methods, which are typ-
ical approaches to summarize data mining models. The classification

and concepts are based on the book titled Applied Predictive Model-
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ing [39]. The classification between supervised and unsupervised selec-
tion methods is the existence of target variable. Supervised selection
methods use the target variable and remove irrelevant variables. On
the other hand, unsupervised selection methods do not use the tar-
get variable, so it means the unsupervised methods remove redundant
variables. Therefore, the distinction between them is that the selection
techniques are called unsupervised methods, when the target vector is

not considered during the elimination of predictors.

Statistics for Feature Selection

There are a number of statistical values for computing feature impor-
tance. Mutual information (MI) is widely used in many cases and also
called as information gain (IG). IG is one of criteria, when splitting
decision trees. MI is a type of IG that calculates the relation between
two variables, so it measures the amount of information from one given
random variable to the other variable. MI value can be mathematically
represented as 0, if two variables are not dependent [37]. And ANOVA-
F (Analysis Of Variance F-test) value is another statistical method that
can be applied to measure feature importance. F-statistics (or F-test)
was coined by George W. Snedecor, in honour of Sir Ronald A. Fisher.

It calculates a ratio of two variances. The definition of F-test is the fol-
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lowing: F = (variation between sample means) / (variation within the
samples). The ANOVA-F value explores multiple features and checks
whether the feature comes from same distribution or not [38]. Permuta-
tion importance is another common method to measure importance of
features with the introduction of random forest algorithm by Breiman
[6]. It measures the importance of a feature by calculating the increase
of prediction error with the model. For example, a feature has higher
importance, if permuting the feature increases the prediction error. On
the contrary, a feature has lower importance, if permutation of the fea-
ture does not change the prediction error, which means the feature is

not affecting the result of the model.

Supervised Feature Selection

Supervised selection methods can be classified into three main types:
intrinsic, filter, and wrapper. Intrinsic methods automatically select
features during training, such as decision trees including ensemble struc-
ture of decision trees and random forest. Filter methods select a subset
of features based on the relevance of predictors, which pass certain cri-
teria. Wrapper methods create and evaluate a multitude of models
with a different subset of features. After the procedure, the wrapper

methods choose proper features and models based on the performance,
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so this method tends to be computationally expensive because of its

computational complexity.

Unsupervised Feature Selection

When it comes to unsupervised feature selection, dimensionality reduc-
tion techniques, such as PCA (Principal Component Analysis) [1] and
t-SNE (t-distributed Stochastic Neighbor Embedding) [75] are solutions
to tackle the problem called ” curse of dimensionality” [76, 2]. The curse
of dimensionality occurs, when data mining models train with multi-
ples features and high-dimensional data, because visualization can only
represent 2-D and 3-D spaces. For example, provided that 120 audio
features are extracted to classify musical genres, the audio features can
be compressed to three PCA feature vectors for visualizing correlation

between features and results.

2.1.6 Harmonic Percussive Source Separation (HPSS)

Harmonic Percussive Source Separation is an algorithm that can sepa-
rate a harmonic part and a percussive part of music from an original
source of audio. It is introduced by using tensor factorisation [23] and
median filtering technique [22] by FitzGerald. Music source separation
is a challenging problem to solve. Source separated parts cannot be

mechanically divided in most cases, because the percussive part often
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contains residuals of the harmonic part, and vice versa, although the
quality of them are reasonable enough to experiment as research pur-
poses, but not for music production purposes. After the prevalence
of deep learning, music source separation problem was tackled by the
pre-trained DL model called Spleeter by Hennequin et al [33]. Spleeter
has a better performance, compared to the traditional HPSS algorithm
and it also has options to choose the number of stems. If the number of
stems is 2, the source will be separated into vocals (singing voice) and
accompaniment. If it is 4 stems, it will be separated into four parts:
vocals, drum, bass, and other. And 5 stems is the last option, as the
source will be separated into five parts: vocals, drum, bass, piano and

other.

2.1.7 Percussive Genre Classification (PGC)

Musical Genre Classification (MGC) task is a typical music informa-
tion retrieval (MIR) problem that classifies musical genre by extract-
ing audio features and analyzing the features. This problem is widely
approached with machine learning algorithms, after one of the most
cited classical MIR papers titled Musical Genre Classification Of Au-
dio Signals by George Tzanetakis and Perry Cook [71]. Percussive

genre classification (PGC) is a sub-field of the MGC study. PGC fo-
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cuses on the problem of classifying percussive tracks. Targets for PGC
can be source-separated drum tracks from original audio, or drum-only
tracks without using any HPSS techniques. Analyzing drum patterns
and sounds is a critical factor to define the style of music including
non-western music, such as African, Cuban and Indian music. Au-
dio genre classification using percussive patterns was explored by using
clustering algorithms based on timbral audio features [68]. And using
percussive patterns and bass lines can be useful to improve musical
genre classification task [69]. There is also another instance [62] that
HPSS algorithms improve the genre classification model based on Mel-

Frequency Cepstral Coefficients (MFCCs).

2.1.8 Timbre

According to the American National Standards Institute, the definition
of timbre is that attribute of auditory sensation in terms of which a
listener can judge two sounds similarly presented, and having the same
loudness and pitch as dissimilar [63]. For another definition, Pratt
and Doak suggest that Timbre is the attribute of auditory sensation
whereby a listener can judge that two sounds are dissimilar using any

criterion other than pitch, loudness, and duration [63].
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2.2 Previous Works for Neural Style Transfer

Figure 2.6: Source image Figure 2.7: Target image.

The neural algorithm for artistic style transfer was first described
in a paper that was published in 2015 titled A Neural Algorithm Of
Artistic Style [24]. The image style transfer task typically requires two
images as input: a content (source) image and a target image (or also
called the style reference image). The goal of the neural style transfer
model is to generate a new image representation, which has the content
of the first image rendered using the painting style of the target image.
For example, the Wassily Kandinsky example! is a typical case of the
Neural Style Transfer (NST). Figure 2.6 represents the source image,
which will be converted to the style of the target (Figure 2.7) image
by Kandinsky. The output image (Figure 2.8) looks mixed version

of the source and target image. After the emergence of image style

thttps:/ /www.tensorflow.org/tutorials/generative/style_transfer
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Figure 2.8: Output image using neural style transfer.

transfer, style transfer in audio domain was explored [74, 53, 29, 77].
There is an increasing work for audio style transfer using Generative
Adversarial Networks (GANs). Several GAN architectures have been
proposed including CycleGAN [82], WaveGAN [18], and MelGAN [40].
Music style transfer in particular is not a well-established topic [17].
One possibility for music style transfer is affecting the perceived genre

of a source piece to be similar to a target musical genre. For example,
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one can transform a piece of hip-hop music to sound like it is played
using heavy metal instrumentation. Another challenge in music style
transfer is that music genre does not have a well-defined definition and
it is mostly based on the subjective perception.

When it comes to music representations used for audio style transfer,
there are two main possibilities: symbolic or audio. For the symbolic
music transfer, there were several successful cases mostly using GANs
and VAEs (Variational Autoencoders) [11, 9, 10, 16]. With regards to
audio-based music genre transfer, there are only a few recent instances
[46, 15], since generating audio is typically considered as a more difficult
problem, in comparison to generating symbolic patterns especially when
using GANs. Specifically, audio-based GAN models tend to require
more time to train and are more challenging, as they frequently contain

random noise and difficult to achieve high-quality audio.



33

Chapter 3

Training of Musical Timbre

Transfer

In this chapter, the purpose of musical timbre transfer training on
source separated drum tracks using MelGAN-VC [57] is discussed. And
the training procedure (Figure 3.1) and result (Figure 3.2) of the task

are explained.

3.1 Purpose

The purpose for this musical timbre transfer is to achieve the trans-
formation of timbre information from hip-hop (original genre) to metal
(target genre) on drum tracks. Outputs are to retain timbral char-
acteristics of the original source genre, while also exhibiting timbral

characteristics of the target genre. To evaluate the transfer effective-
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ness, I can use the probabilistic output of a trained binary classifier
that discriminates between the source and target genre. If the transfer
is effective, I expect that the probability of classification of the source
genre will be reduced. And the transformed recording will exhibit tim-
bral characteristics of the target genre. This change in probability of
classification will depend on the specific drum track that is being trans-

formed and the training epoch of the Mel GAN-VC.

3.2 Procedure

The procedure for MelGAN-VC training for musical timbre transfer
is shown in Figure 3.1. Musical timbre transfer on drum tracks was
trained using the MelGAN-VC [57] architecture, which is based on the
Transformation Vector Learning GAN (TraVeLGAN) [2]. The TraV-
eLGAN architecture, which adds a siamese network to the generator
and the discriminator, and trains to preserve vector arithmetic between
points in the latent space of the siamese network. Thus, the architecture
can preserve semantic information in spectrograms. For experiments,
GTZAN dataset! [72], which contains 100 tracks (30-second long each)
for each 10 genre, was used. Source separated drum GTZAN stems by

Spleeter [33] were trained for 4000 epochs to transfer the style from

Thttps: //www.tensorflow.org/datasets/catalog/gtzan
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hip-hop to metal. The GAN training stopped (4000-epoch in this case)
based upon my close listening to the output sounds during testing;
however, the proposed supervised pipeline can provide the reasonable
number of training epoch. In this scenario, the GAN training would
stop when the output reach near 50% metal/50% hip-hop. These two
genres were selected, as I expect the drum timbre for them to be dis-
tinct. I focus on the drum tracks, as it is a more constrained task for
timbre transfer than full music style, which depends on a variety of fac-
tors such as vocals, instrumentation, etc. This musical timbre transfer
can be viewed as analogous to style interpolation between metal and
hip-hop genre. The training procedure (Figure 3.1) can be summarized

as following:

MelGAN-VC Training

Generated

‘ Spectrograms
in half as Concatenate

output Spectrograms

Split Split
Spectrograms in Spectrograms ‘
half as input in half as input

in half

Generated

‘ Spectrograms
in half as

Split
Spectrograms
in half as input

P output

Siamese (S) Siamese (S) Dlscrl(r[r;lnator Dlscrlg;nator

Figure 3.1: MelGAN-VC training procedure.

1. Spectrograms (time-frequency 2-dimensional representation) were



36

! . . . I O T
Generator Loss and Discriminator Loss Epoch /Loss

e

p=

Generator Loss @ Discriminator Loss

1000 2000 3000

Figure 3.2: MelGAN-VC generator and discriminator loss.

extracted from the drum tracks.

2. The spectrograms were split in half and used as input to the gen-

erator (G).

3. The style-translated halves from G were concatenated to the orig-

inal shape and transferred to the discriminator (D).

4. The Siamese network (5) was added to keep semantic information

2], which captures music style.

Adversarial training (4000 epochs): D distinguished metal from

hip-hop to improve style-transferred instances generated by G, and
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S assisted G training by allowing translations between metal and

hip-hop.

6. The missing phase information (spectrograms only include magni-

tude) was reconstructed by the Griffin-Lim [28] algorithm.

3.3 Training

The rationale for selecting the MelGAN-VC is that it can be trained
with only 100 tracks for each genre (100: hip-hop and 100: metal),
which is relatively small number of data set. And the MelGAN-VC ar-
chitecture includes siamese networks, which are helpful to avoid checker-
board artifacts [56], and it worked better than the CycleGAN espe-
cially for transferring audio style according to the original paper [57].
The main limitation of the CycleGAN is that it shows lower perfor-
mance for transferring diverse domains, not similar domains, because
it cannot preserve high-level semantic differences [80, 25, 5], such as
shapes, types of specific objects, and composition, as opposed to low-
level pixel differences, e.g., color, resolution, and lines. On the other
hand, Mel GAN-VC works better and can keep content information to
implement an image style transfer task in diverse domains. In other
words, the Mel GAN-VC architecture can learn and use high-level se-

mantic differences for style-transferring images, when there are signif-
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icant differences between a source image and a target image. As an
audio style transfer example, each musical genre has significant differ-
ences when both audio waveforms are represented as spectrograms, and
this problem is considered diverse domains, so it is challenging to use
CycleGAN to implement the audio style transfer from one genre to an-
other genre; however, Mel GAN-VC works better in this case, because
it can keep content information from the specific musical genre from
the spectrogram. In this scenario, the main role of siamese networks is
to preserve vectorized semantic information from the spectrogram and
keep the timbral information.

The losses of the generator G and the discriminator D for the MelGAN-
VC model after training for 4000 epochs are shown in Figure 3.2. First,
at least both G and D loss are not decreasing to 0.0, which is consid-
ered as a failure mode. Second, the losses are not changing drastically,
after 1000 epochs and the values look stabilized in a certain degree
with relatively small fluctuations. Lastly, at least human listeners can
tell there are differences between training epoch 100 and 2500, and the
epoch-2500 sounds improved, compared to the previous early epoch
100. This observation could be strengthened by performing a thorough
user study, but the goal is to investigate whether I can support this

observation using supervised and unsupervised learning methods.
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Chapter 4

Evaluation Methods for Musical

Timbre Transfer

Quantitative evaluation methods (Figure 4.1) including the audio fea-
ture importance (Figure 4.2) for evaluating style-transferred drum in-
stances from the GAN model are discussed. The methodologies can
be divided into two approaches: supervised and unsupervised method.

Essentia [4] is used to extract 110 audio features for both methods.

4.1 Awudio Feature Selection

Selecting important audio descriptors for drum genre classification is
an important task for this evaluation process. The evaluation models
trained are dependant on the features and tend to overfit given the size

of the data-set when using all 110 audio features. In addition, using
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Figure 4.1: Pipelines for quantitative evaluation methods of musical timbre transfer.
Left: supervised method, and right: unsupervised method.

all 110 features is not efficient for computing evaluation pipelines. It
is worthwhile to explore and get results for the importance of audio
features by analyzing the binary music genre classification. Mutual
information (MI) and Analysis of Variance F-value (ANOVA-F) were

used for estimating the importance of each audio feature. 110 fea-
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Top 10 Audio features ANOVA-F values «

lowlevel.erbbands_skewness.stdev 50.89586639
lowlevel.loudness_ebu128.integrated 47.47364044
lowlevel barkbands_spread.stdev 4471256256
lowlevel. melbands_spread.stdev 37.2513504
lowlevel.spectral_rms.stdev 35.28242111
lowlevel.melbands_crest.stdev 34.80794144
lowlevel.barkbands_flatness_db.mean 32.10904312

31.87611771
30.59831238

lowlevel.melbands_kurtosis.mean

lowlevel.loudness_ebu128.loudness_range

lowlevel.barkbands_flatness_db.stdev 30.08287048
Top 10 Audio features MI values
lowlevel loudness_ebu128.loudness_range 0.2793418142
lowlevel.barkbands_spread.stdev 0.2785261127
lowlevel.pitch_salience.mean 0.2643023024
lowlevel.loudness_ebu128.momentary.stdev 0.2589722888
lowlevel.erbbands_skewness.mean 0.2476374769
rhythm.bpm_histogram_second_peak_weight 0.2160613488
lowlevel.loudness_ebu128.integrated 0.2113145765

0.1974811933
0.1923467722
0.1883028758

lowlevel.melbands_crest.mean

lowlevel.spectral_kurtosis.mean

lowlevel.barkbands_skewness.mean

Figure 4.2: Top 10 audio feature importance for percussive genre classification. Top:
ANOVA-F and bottom: Mutual information.

tures (come from Essentia Music Extractor!, excluding temporal fea-
tures and metadata, to evaluate holistically) were extracted from three
genres (hip-hop, metal, and rock from source separated drum tracks

from GTZAN dataset) and each top 10 features (Figure 4.2) were se-

thttps:/ /essentia.upf.edu/reference/std_MusicExtractor.html
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Weight Feature
0.0870 £0.0094 percussive_var
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Figure 4.3: Permutation feature importance (audio features based on Librosa library
[50] are used for this experiment.) with original GTZAN data set. The result of
importance weight is noticeable that percussive variance and percussive mean features
are significant factors to classify musical genre, even if it is not a percussive genre
classification task.
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Figure 4.4: Spectrograms for original GTZAN rock audio.
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Figure 4.5: Spectrograms for GTZAN rock source separated drum audio.

lected based on MI and ANOVA-F, respectively. Therefore, for the
supervised learning experiments, 17 features were selected. However,
for the unsupervised learning experiments, I found that the ideal num-
ber was 6, based on the accuracy of the number of features between 1
and 20. And top 6 features in Figure 4.2 were selected using ANOVA
F-values, because it shows better accuracy when using ANOVA-F. A
noticeable point is that only one rhythm-related feature (as shown in
Figure 4.2, when using MI) was discovered according to the feature
importance weight, although other audio low-level descriptors could be
directly or indirectly related to rhythm.

Permutation feature importance for genre classification with original
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GTZAN data set is implemented as an additional experiment. Permu-
tation feature importance (audio features based on Librosa library [50]
are used for this experiment.) with original GTZAN data set is shown
in Figure 4.3. The permutation feature importance is extracted from
audio features based on 30-second long and the .csv file is available
on Kaggle?. The result of feature importance is important to note that
percussive variance and percussive mean are significant features to clas-
sify musical genre, even if it is not a percussive genre classification task.
The percussive related features are extracted by harmonic-percussive
source separation algorithms®. Therefore, analyzing audio signal prob-
lems using source separated drum or percussive tracks can be useful to
approach musical timbre transfer task. In addition, drum tracks con-
tain less timbral information, in comparison to original tracks (contain
vocal, drum, bass, etc) at least based on timbral information (as shown
in Figure 4.4 and 4.5), so it is very challenging to implement musical

timbre transfer, due to its complexity of timbre in the original track.
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model = RandomForestClassifier(n estimators=118)
model = model.fit(X, vy)
print (model)
cv = RepeatedStratifiedKFold(n_splits=5, n_repeats=3, random_state=1)
scores = cross_val score(model, X, y, scoring='accuracy', cv=cv, n_jobs=-1)
print('%.3f (%.3f)' % (mean(scores), std(scores)))

RandomForestClassifier(bootstrap=True, ccp_alpha=0.0, class_weight=None,
criterion="'gini', max depth=None, max_features='auto',
max_leaf nodes=None, max samples=None,
min_impurity decrease=0.0, min_impurity split=None,
min samples_leaf=1, min_samples split=2,
min_weight fraction leaf=0.0, n_estimators=118§,
n_jobs=None, oob_score=False, random state=None,
verbose=0, warm_start=False)

0.910 (0.049)

Figure 4.6: Comparison of supervised learning classifiers: logistic regression (Ir);
perceptrons (per); classification and regression trees or decision trees (cart); random
forest (rf); and gradient boosting machines (gbm).

4.2 Supervised Learning Method

4.2.1 Training

The supervised learning method for analyzing musical timbre transfer

was trained with 17 audio features. There was a trend that ensemble

https://www.kaggle.com /andradaolteanu/gtzan-dataset-music-genre-classification
3https://librosa.org/librosa_gallery /auto_examples/plot_hprss.html
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Automatic feature selection with RF using RFE and Interquartile Range Method
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Figure 4.7: Accuracy for random forest classifier using recursive feature elimination
(RFE) and interquartile range method (IRM).

methods, such as random forest (RF) and gradient boosting algorithm,
have higher classification accuracy in comparison to logistic regression
and multi-layer perceptrons as shown in Figure 4.7. Therefore, the RF
algorithm was chosen as the estimator for this case with the configu-
ration of 118 trees in the forest and trained with two genres: hip-hop
(label: 0) and metal (label: 1). As a result, the accuracy score turned
out to be 91.0% for drum genre classification on hip-hop and metal for
the source separated GTZAN drum tracks. Note that the drum stems

from Spleeter are used and therefore this is purely based on source sepa-
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rated drum tracks. Figure 4.6 explains details about the experiment for
comparing multiple supervised machine learning classifiers with accu-
racy by using a boxplot and the below code is for implementing random
forest classifier with the configuration of 118 trees in the forest. The
number 118 is achieved GridSearchCV * function in Sci-kit learn li-
brary, which selects the best hyperparameter for the model based on
the accuracy. Figure 4.7 is another experiment with random forest clas-
sifier by applying recursive feature elimination (RFE) and interquartile
range method (IRM). In this case, 80 trees in the forest (better than
170 or 190, because of less computation time) is the best parameter.
RFE is to reduce the number of features by iterating and calculating
feature importance. With IRM, outliers can be eliminated by setting
the range when you are pre-processing data sets. For example, if you
set 10/90 for the range, 90 percent of the data set will be used and 10
percent will be excluded. RFE and IRM are mostly useful, when you
deal with bigger data sets. In this scenario, only GTZAN data set is
used for experiments and the experiment with RFE and IRM did not

show meaningful improvements regarding accuracies of classifiers.
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Figure 4.8: Supervised method results: track 1 & 2.

4.2.2 Testing

I tested the evaluation method with five randomly chosen instances

from the style-transferred GTZAN drum tracks and one random hip-

hop style drum-only track (without source separation) from outside of

the GTZAN dataset. The results were analyzed at intervals of 500

epochs, within the range of 500 to 4000 epochs from hip-hop to metal.

The main purpose for this method is to reflect the trend for the progress

of musical timbre transfer. Figure 4.8, 4.9, 4.10, and 4.11 demonstrate

evaluation results with the supervised learning pipeline for classifying

4https:/ /scikit-learn.org/stable/modules /generated /sklearn.model _selection. GridSearchCV.html
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Figure 4.9: Supervised method results: track 3 & 4.

six style-transferred tracks based on the RF classification probability.
The ideal case for this result is where hip-hop and metal is near 50%,
respectively, which proves the achievement of style interpolation be-
tween hip-hop and metal. The interpolated line graphs in Figure 4.11
are demonstrating that the MelGAN-VC training is working because
the testing instances are nearly converging to 50/50% as the number
of training epochs increase. All line graphs are oscillating for both the
discriminator and the generator loss. Top left scatter plot is show-
ing the results for two style-transferred instances. The first test in-

stance (hip-hopl/metall) is the hip-hop style drum-only track and it
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Figure 4.10: Supervised method results: track 5 & 6.

was calculated hip-hop (50%) and metal (50%). The other five exam-
ples (hip-hop2-6/metal2-6) are more fluctuating compare to the first
one. As I expected, the musical timbre transfer works better with the
drum-only piece (track 1) because the source separated GTZAN drum
stems still contain some portion of other stems, such as vocal and bass.
When interpreting the interpolated line graphs, it is reasonable to ig-
nore the intersection point (50/50%) before epoch 1500 because it is
the early stage of the MelGAN-VC training, and tends to include more
random noise. The testing interval was 500 epochs (0, 500, 1000, etc)

and the results between them, e.g., 300 and 700, were interpolated
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Figure 4.11: All tracks trend using interpolation.

as shown in Figure 4.11; however, this could be solved by simply re-
ducing the testing interval with the same method. According to the

5

supervised evaluation pipeline, the best example instances® are listed

in sequence: hip-hop/metal 1) epoch4000, 2) epoch3000, 3) epoch2500,

4) epoch2000, 5) epoch2500, and 6) epoch3500.

4.3 Unsupervised Learning Method

To investigate further how the style transformed instances related to

the original source and target genre, I employ clustering and visual-

Shttps://drive.google.com/drive/folders/1dpn8NLOfht X J4JhzeAellDyxUzQWHttC?usp=sharing
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Figure 4.12: Unsupervised method clustered by K-means and visualized by PCA.
Style-transferred outputs by Mel GAN-VC is demonstrated depending on the training
epoch (the original legend denotes epoch-0 outputs).

ization techniques, which are part of unsupervised machine learning

algorithms. The K-means algorithm for discovering 2 clusters was used

with the 200 GTZAN drum stems (100 metal and 100 hip-hop each)

based on audio features. Top 15 audio features for consideration were
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Figure 4.13: Unsupervised method clustered by K-means and visualized by t-SNE.
Style-transferred outputs by Mel GAN-VC is demonstrated depending on the training

epoch (the original legend denotes epoch-0 outputs). t-SNE works better than PCA,
and the outputs are clustered independent of original hip-hop and metal clusters.

selected by extracting feature importance using ANOVA-F and MI, re-
spectively. The clustering was evaluated by examining how well it cap-

tures the original two genres. The K-means algorithm with ANOVA-F
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Figure 4.14: Unsupervised method clustered by K-means and visualized by t-SNE.
Three big clusters (Metal, Hip-hop, and Stylized) can be observed from the experi-

ment.

created clusters, where top b features were selected. 112 instances were

classified as metal and 88 examples were labelled hip-hop. When K-

means produced clusters with MI, it classified better than ANOVA-F.

Top 6 features (in Figure 4.2 MI table) were selected and the two genres
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were labelled almost evenly: 102 for hip-hop and 98 for metal. As a
result, I decided to select MI with K-means based on these six audio
features.

In order to better understand the musical timbre transfer, dimen-
sionality reduction (PCA & t-SNE) is utilized. Principal component
analysis (PCA) and t-distributed Stochastic Neighbor Embedding (t-
SNE) were used to visualize 200 GTZAN drum stems along with 48
style-transferred instances: 6 transferred instances by Mel GAN-VC at
8 training epoch points, 500, 1000, 1500, etc. Figure 4.12 and 4.13 are
demonstrating that three big clusters can be observed based on hip-hop,
metal and Mel-GAN instances. t-SNE components worked slightly bet-
ter because it generated more robust clusters based on the scatter plots
in Figure 4.13. And it is clearly representing that the Mel-GAN in-
stances are moving away from the original dots. Mel-GAN instances
where the epoch range between 2500 and 4000 are located outside of
hip-hop and metal clusters. Moreover, the t-SNE plot provides that
the instances of that particular epoch range (stronger instances) are
clustered more densely compared to weaker instances (Mel-GAN 500
& 1000). Furthermore, the stronger instances (when greater than 2000
epochs) are style-transferred better based on results. Three big clusters

(Metal, Hip-hop, and Stylized) can be observed from the experiment
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(Figure 4.14). The relation among Metal, Hip-hop, and sytlized can be
visualized and compared with supervised evaluation results, although
especially several Hip-hop instances are located outside of its cluster.
Because Hip-hop style tends to be diverse and has a number of sub-
genres: East coast, West coast, G-Funk, Trap, etc. In Appendix A,
all testing instances are compared using spectrograms for checking the

results.
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Chapter 5

Conclusions & Future Work

In this chapter, conclusions and limitations for MelGAN-VC generative
model and computer evaluation methods are discussed. And directions

of future work are suggested to improve the current model and methods.

5.1 Conclusions

MelGAN-VC can be used for musical timbre transfer on drum tracks
between two genres, particularly achieving style interpolation, which is
the output sounds similar to an in-between genre of hip-hop and metal
drum tracks. Evaluation methods for the musical timbre transfer are
introduced by using supervised and unsupervised learning with visual-
ization. It is a reasonable first step to explore the potential of existing
state-of-the-art GAN model. Computer evaluation methods with visu-

alization are an important part, because a number of previous audio
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style transfer experiments analyzed results by simply comparing spec-
trograms for original inputs and style-transferred outputs or conducting
user studies. Therefore, designing novel evaluation pipelines for com-
putational approaches could be regarded as an important milestone to
explore and improve results of audio style transfer in general, and in

this case, musical timbre transfer on drum tracks.

5.2 Limitations

The first limitation for this musical timbre transfer is that it is difficult
to be used in real-time applications, such as digital audio workstation,
because of lower audio quality compared to commercial audio quality,
and the timbre transfer task requires long training time (around 2 weeks
for training 4000 epochs with Google Colab Pro GPU), although it is a
valuable first step to explore and find possibilities in this research area.
And one of the main limitations for this research is that it does not con-
sider temporal information, which is a critical factor to create rhythms
and each genre has different tempo on average. And another drawback
is the current model uses short-time fourier transform (STFT) spectro-
grams to extract time and frequency information from audio files, and
phase information cannot be estimated and reconstructed perfectly by

using the Griffin-Lim algorithm [28]. Thus, it can lead to lower audio
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quality, and inaccurate generation of musical timbre transfer. In addi-
tion, the STFT method has lower resolution in low-range frequencies
[35], which is typically the frequency range for kick (or bass) drum and
floor tom in most cases. Bass drum is top 3 drum components along
with hi-hat and snare for creating rhythm in music, so the lower res-
olution for the bass drum part could be problematic, especially when
you are implementing style transfer using timbre. And the last limiting
point is the current generative model needs to consider tempo, orches-
tration, and syncopation to generate realistic rthythm. Besides previ-
ous points, the computational evaluation model is required to integrate
with the generative system that the system can be trained efficiently,
and the model only evaluate musical genre holistically with 30-second
long pieces or longer, so it may have a lower performance with shorter
pieces (3 seconds). Both generative and evaluation model need to be
experimented with bigger data sets to achieve better performance in
many scenarios, not limited to specific cases. The limitations can be

summarized as follows:

1. The current model has difficulties for real-time applications due to

low audio quality, and long training time.

2. It does not consider temporal information which is important for

creating thythm depending on the music genre.
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3. Use of STFT and its limitation of phase reconstruction and lower

resolution in low-range frequencies, particularly for bass drums.

4. The current generative model (MelGAN-VC) needs to consider
tempo, orchestration, and syncopation to generate realistic rhythm

along with transferring timbre.

5. The current evaluation methods are required to integrate with the
generative model and can make the Mel GAN-VC training process

more efficient.

6. Both generative and evaluation model need to be experimented
with bigger data sets to achieve better performance in many sce-

narios, not limited to specific cases.

5.3 Future Work

For future work, limitations of the current model should be tackled
by proper measures or appropriate solutions. And further experiments
need to be implemented to make the model robust and explore po-
tentiality. Long training time can be solved by simply training 4 bars
of rhythm, instead of training a full-length of a drum track. Experi-
menting with different genre of drum loops could be better for train-

ing time and audio quality, rather than using source separated drum
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tracks. Low audio quality and the limitation of using STFT can be
solved by using Constant-Q transform (CQT) [8], because CQT pro-
vides higher resolution especially for low-range frequencies [35]. And
it may improve the result of musical timbre transfer on drum tracks.
Timbretron [35] achieved better performance for musical timbre trans-
fer, when using CQT. However, using CQT and MelGAN still require
to estimate phase information, which would not be achieved perfectly
by a current method. Thus, recent deep learning based approaches
can be utilized in this scenario to circumvent the phase reconstruction
problem. There are deep learning based models to improve audio qual-
ity of speech, such as Tacotron2 [64], and WaveGlow [59]. To consider
temporal and rhythmic information, use of a beat synchronous repre-
sentation [66] would be helpful, although reconstructing output audio
from the beat synchronous representation can be challenging and needs
to be explored. Consideration of drum orchestration and syncopation
directly in audio domain can be challenging with audio GAN models,
but it might be possible by training patterns of separated drum sounds
(hi-hat, bass, and snare) for each music genre. Separated drum sounds
can be obtained by NMF toolbox [44] from drum tracks. An example
of drums generation in the symbolic domain is [47]. Comparisons of

multiple audio GAN architectures using the same methodology, and
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expansion of current examples to additional pairs of genre style trans-
fers would be explored with bigger data sets to improve robustness of
the model. And integrating current generative and evaluation model
would be useful for training GAN by considering both GAN loss values,
and supervised learning evaluation results. For example, if the output
audio of generative model achieves desired results, the generative does
not need to keep training. Applying the same technique with other
source separated stems (vocals and bass) would be interesting as well.

Future work can be summarized as follows:

[

. Training with shorter length of drum tracks.

2. Experiments with CQT or deep learning based approaches to cir-

cumvent phase estimation procedure.

3. Use of a beat synchronous representation to consider temporal and

rhythmic information.

4. Experiments with separated drum sounds (hi-hat, bass, and snare)
by NMF toolbox [44] for consideration of drum orchestration and

syncopation.

5. Comparisons of multiple audio GAN architectures using the same
methodology and expansion of current examples to additional pairs

of genre style transfers.
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6. Integration of current generative and evaluation model would be
useful for training GAN by considering both GAN loss values, and

supervised learning evaluation results.

7. Application of the same technique with other source separated

stems, such as vocals and bass.
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Appendix A

Spectrograms of Results

According to the supervised evaluation pipeline, the best example in-
stances® are listed in sequence: hip-hop/metal 1) epoch4000, 2) epoch3000,
3) epoch2500, 4) epoch2000, 5) epoch2500, and 6) epoch3500. The best
instances are compared using spectrograms for checking the results.
Linear-frequency power and log-frequency power spectrograms are plot-
ted for comparison between original source separated drum stems and

style-transferred drum tracks.

thttps://drive.google.com/drive/folders/1dpn8NLOfht X J4Jhze AellDyxUzQWHttC?usp=sharing
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Figure A.1: Spectrograms of original drum track 1.
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Figure A.2: Spectrograms of style-transferred drum track 1.
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Figure A.3: Spectrograms of original drum track 2.
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Figure A.4: Spectrograms of style-transferred drum track 2.
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Figure A.5: Spectrograms of original drum track 3.
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Figure A.6: Spectrograms of style-transferred drum track 3.
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Figure A.7: Spectrograms of original drum track 4.
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Figure A.8: Spectrograms of style-transferred drum track 4.
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Figure A.10: Spectrograms of style-transferred drum track 5.
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Figure A.11: Spectrograms of original drum track 6.
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Figure A.12: Spectrograms of style-transferred drum track 6.
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