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Abstract:

This master thesis wants to address the
task of synthesising new sounds us-
ing deep learning in an end-to-end ap-
proach. That means that when the sys-
tem is fed with raw audio, it gener-
ates new audio samples without any
additional information. Although the
use of deep learning is quite new in
the field, sound synthesis have always
seized the interest of researchers. Syn-
thesizers first, and the use of signal
processing techniques to model phys-
ical systems later, have been studied
deeply over the last decades. A break-
ing point in the field came in 2016
when Oord et al. presented WaveNet
[1]. The network used a deep learn-
ing architecture to generate one sam-
ple at a time when conditioning it by
all the previous ones. In this thesis,
different architectures have been de-
signed to generate audio samples in
an end-to-end approach. WaveNet has
been selected over other architectures
and a deep exploration has been done.
After seeing relevant results by using
global conditioning, the network was
extended to perform local condition-
ing. The benefits of local conditioning
have been studied, presenting a final
tool that is able to automatically distin-
guish and generate specific piano and
panflute sounds conditioning them on
the mel spectrum and MFCCs.
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Chapter 1

Introduction

Nowadays, Arti cial Intelligence (Al) is a fast growing eld where the number of
publications and interests increase every day. Even though it gained most of its
popularity just a few years ago, the history of Al started a long time ago. Orig-
inally Al was designed to automatically solve problems that were intellectually
dif cult to humans. Most of this programs could be modelled by applying differ-
ent rules, and that make a computer more accurate and faster than a human. In
contrast, Al was failing in simple human tasks as speech recognition and image
detection among others. The problem is that all this data is more complicated and
complex and sometimes is hard to nd a model. In these cases, the way of passing
this information to a computer became the key factor. Due to the impossibility of
passing all the information with simple models, machine learning was invented.

Machine learning, was rst described as the capability of Al systems to acquire
their own knowledge by extracting patterns from data. With this new approach,
computers were able to solve more complex problems. In detail, deep learning
looks to perform better than other methodologies this task. Deep learning gives
his name to the fact that the network is composed by a large amount of different
layers. That allows the network to learn different features of the input data in each
layer, and tackling the problem with different steps, solve a complex problem. De-
spite of the popularity of Al in these days, it is important to mention that it appears
on the literature in the 40's [2] [3], and became a eld of interest in the late 50's
[4]. However, in those days, the technology was still not ready to demonstrate the
real power of deep learning. 3 key factors helped in establishing Deep Learning
in the state-of-the art in almost every eld. First, the amount of data available has
increased considerably. It has been demonstrated that deep learning architectures
work better when using a large amount of training data. The creation of these
datasets, however, was not possible until recent years due to advances on technol-
ogy. That gives us to the second key point: technology. Deep learning have been
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characterised by its elevated computational cost. Even these days, training a well
optimised network and using last technological tools could take more than days.
However, the apparition of GPU's in the market and the decreasing in price of
these tools together with others components solved this problem. Finally, with the
tools and the data available, deep learning started to be applied in a lot of differ-
ent elds, moving away from the historical typical problems. The results achieved
with most of these algorithms motivate researchers to use deep learning in broader
and broader elds [5].

Nowadays, similar architectures could be used to tackle completely different
problems. Actually, that is one of the advantages of deep learning over other archi-
tectures. With a good dataset it could perform better than more speci ¢ systems.
One of the types of architectures used in deep learning is called Convolutional
Neural Networks (CNN), that owes this name in the way that the system learns.
A CNN or DCNN (Deep Convolutional Neural Network) 1.1 are a speci ¢ kind of
Al in which the system use convolutions between layers to create a model. One
of the breaking points in the industry was produced in 2012 [6], when for the rst
time a CNN won ImageNet [7], the largest contest in image recognition. Is in that
moment when CNN started gaining popularity over other architectures and start
performing better and better in this eld together with others.

Figure 1.1: Convolutional Neural Network [ Albelwi2017 ]

Arts in general are in this group of topics that humans can handle in a very
intuitive way, but is hard for computers to learn. Obviously, the reason of that is
that when we want to create something new, we need to take in consideration a
lot of parameters that we have learnt during our life. There is not an exact model
of the information that we use to create something new, it is in that cases that ma-
chine learning algorithms could, again, help us. Magenta, a research project led by
Google is a good example of how machine learning could be used to create art. All
of their demos, that range from creating new musical instruments [8], new ways of
creating music [9], [10], [11] or new ways of creating drawing from pictures [12],



are available as an intuitive app hosted in his website. The code for all the projects
is also fully available.

Deep learning research is still dominated by computer vision. However, there
is not much difference between how computers see images and raw audio. In one
case, they see pixels, in the other they see samples. However, in both cases they
see an array of limited values with a xed length. Topics of high research interest
as speech recognition, natural language processing (NLP) or music information
retrieval (MIR) have been explored with the use of deep learning. The results
achieved, created a new state of the art in these elds.

Music generation, as could not be otherwise, has been in the interest of re-
searchers over the years. Although it looks a recent topic, the rst computational
model for algorithmic composition dates back to 1959 [13]. It is true, however,
that not until last years neural networks have demonstrated their ability in audio
generation. Lots of new papers has been presented over the last years [14] Some of
them working in the audio domain [1] [15] [8] [16], others, working in some audio
transformations and nally others working in symbolic sequences as scores [14],
[17]. A deep explanation of some of these networks is presented in section 2.

This thesis is centered in the use of deep learning techniques to generate audio
in the audio domain, what is also called as an end-to-end approach. In particular,
the candidate selected has been WaveNet [1], a new neural network presented
by Google Deepmind in 2016 that showed better results than the state of the art
methods both in generating English speech and Chinese mandarin speech. This
system, that is well described in 3, uses a DCNN to generate one sample when
conditioned by all the previous ones. The system also showed the capabilities
of WaveNet of learning and generating music. Thanks to the online community,
and mostly by Igor Babusckin, an unof cial open source implementation has been
released [18].This thesis used this open source implementation as a starting point
in order to recreate music in and end-to-end approach. However, due to the lack
of details given by the author, the needed time, and the resources needed, the
results achieved by this network are not as realistic as the original WaveNet [1].
Nowadays, WaveNet network although it has not been released as an open source
software, has been explored by many authors and companies. This architecture,
have also been used to solve new problems a part from music generation. Some of
them are a Wavenet Autoencoder [8], WaveNet for speech denoising [19], Wavenet
for Time Series Forecasting, [20], a music style translator [21], a speaker dependent
vocoder [14], a neural text to speech synthesizer [22] among others.
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1.1 Motivation and Goals

Seeing deep learning as the current trend in audio synthesis, this project wants to
explore some of the available tools and resources. Among different possibilities,
WaveNet and speci cally Igor Babusckin's implementation [18], has been selected
as the tool to explore. The reason to choose this tool has has been motivated by two
main factors: First, the results achieved on speech synthesis has been evaluated as
more natural and realistic than other current methods. Second, as we commented
before, seems that WaveNet is creating a new tendency while working with audio

in an end-to-end approach.

This thesis uses Igor Babusckin's implementation [18] as an starting point, as
it is accepted as the most "of cial repository" having 3.658 recommendations on
Github. The main goal of the thesis is to contribute with the online community
with something new. At the very begging of our research some lacks were de-
tected. WaveNet papers [1] [15] came with a bit of secrecy. In spite of presenting
the architecture and the results, there are some speci ¢ details that were not com-
mented. Examples of that are the number of channels for most of the lter, the
number of dilation layers, or the number of iterations. Online community did a
big effort on nding the best parameters for that [23]. One of the main drawbacks
of lgor Babusckin's implementation [18] is its complexity and its lack of informa-
tion. Due to that, one of the goals of the thesis is to create a more understandable
guide on how to use and how to modify this implementation. Another drawback
of this network is that is mostly tuned to generate high quality speech. This leads
to work with a large network that took several hours to generate a few seconds of
audio when using specially designed GPUs. Several datasets have been presented
and a bunch of experiments have been performed in order to understand the be-
haviour of the network. Finally, Igor Babusckin's implementation [18] had one
missing feature. Local conditioning, that is the capacity of the network to learn
different phonemes and produce the specic one, was not implemented. In the
original paper [1] local conditioning is brie y explained. There is also mentioned
that the condition comes from linguistic features in a TTS model. However, there
are not more details about how to extract this features. Moreover, local condition
seems to be the key components in new implementations of Wavenet as Nsynth
[8], MidiNet [24] or the Universal Music Translation Network [21]. Global condi-
tioning (the capability of the system to distinguish among other speakers), instead,
was already implemented. Following this approach, and some posts on the Github
repository [25], [26] we implemented and tested two kinds of local condition. One
conditioned with the Mel spectrum and another conditioned on 12 Mel Frequency
Cepstral Coef cients.
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1.2 Structure

This project is organised as follows: Chapter 2 deals with the state of the art of
using deep learning for audio synthesis. It analyse some of the most popular sys-
tems explaining their basic characteristics. Chapter 3 goes in detail in the methods
used. Is mostly centred in WaveNet [1] and its unof cial implementation by Igor
Babusckin [18]. This chapters also presents Nsynth [8] as it has also been used dur-
ing this thesis and has become an inspiration for the implementation part. Chapter
4 explains in detail the implementation and the results achieved with different ar-
chitectures. Finally, chapter 5 concludes the thesis reviewing the most relevant
aspects of it. Also some ideas to improve or continue this work are presented
during the last part of this chapter.






Chapter 2

Related Works

The use of computers to process sound as humans do has always been a chal-
lenging task. Simple tasks as identifying a musical genre, the speaker identity, the
structure of a song, or the meaning of a simple sentence have been concerning top-
ics of research. Also, the use of machines to generate music and speech in a natural
and realistic way have been a highly explored tasks during the last decades. The
techniques used in the eld have been recently changed by the popularisation of
Arti cial Intelligence (Al) techniques. The good results achieved by Al, mostly in
image classi cation and image synthesis, are being used in the audio eld giving
promising results. In this section, some of the most common approaches and fa-
mous architectures will be discussed.

Music, which is the topic chosen for this thesis, has the particularity that could
be represented in two completely different ways: rst, it can be seen as an audio
signal (or any transformation of it) and second it can be represented with a musi-
cal score (text, MIDI, piano roll, ABC data, etc.). Both representations can achieve
realistic results, always depending on the architecture of the network. In [27] the
author presented "The Continuator”, a new instrument made use of Markov chains
to learn in real time the style of the player and reproduce it at the same time, cre-
ating a duet with the musician. In that case, the input data was a midi sequence
(pitch, amplitude, velocity and time). Knowing that music could be also repre-
sented as a sequence of characters, is logic to think that methods designed to learn
and produce long sequences of data would also work with music. An example of
this assumption is presented in [28], where a recurrent neural network (RNN) is
used to generate new scores. The audio representation used was ABC notation [29],
a notation that allows to represent a score using characters. This notation could be
easily converted to MIDI or other formats. The RNN chosen was a modi cation of
char-rnn created by Andrej Karpathy [30] [31]. In general, a recurrent neural net-
work can be thought of as multiple copies of the same network passing a message
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to each neighbour. This architecture makes them a feasible option when the data
that has to be processed is intimately related to sequences and lists. However, one
of the main drawbacks of RNN is that they don't process well long-term depen-
dencies. A solution to this problem was presented in [32] where Long Short Term
Memory architecture (LSTM) was described. In char-rnn [30], the author trained
an LSTM network to generate text character by character. The results showed that
the network was not only able to learn the words, but also the structure of the sen-
tences in a report. A similar implementation of this network was used by Sturm in
[28] to generate folk music.

Interesting results have also appeared working in the audio signal domain in-
stead of any kind of music representation. One of the main bene ts of working
directly on the raw audio signal is that more data is available, and it is easier to nd
or create a good dataset. However, the complexity of the system and the network
is also higher. This is due to the complexity of raw audio. Usually sound is stored
in a quantisation factor qof q= 216 bits and sample frequency fs of fs = 4410Hz.
That is translated to 44100 different samples per one second of audio and 65536
different possible categories per each sample. Although most of the systems try to
reduce the input data decreasing q and fs to achieve realistic results, the system
use to be more complex than score representation systems.

In 2016, Oord et. al presented pixelCNN [33] and pixelRNN [34]. Two different
architectures that were able to generate new pictures pixel by pixel. In the same
year WaveNet [1] was also presented. This network was a reimplementation of pix-
elCNN in the audio domain. It uses dilated causal convolutions to achieve a large
receptive eld while mantaining a good compromise with the computational cost.
The results achieved with music and speech were better than previous state of the
art. WaveNet, that is the architecture used for this thesis and it is well described in
section 3, became popular in the eld. Different studies that made use of WaveNet
are being presented. In [16] Tacotron 2 is described. It is a network that directly
translate text to speech by using a modi ed version of WaveNet conditioned on
mel-scale spectograms. Deep Voice [22] also used a variant of WaveNet to generate
speech in an end-to-end approach. The system consisted of 5 blocks (a segmenta-
tion model for locating phoneme boundaries, a grapheme-to-phoneme conversion
model, a phoneme duration prediction model, a fundamental frequency predic-
tion model, and an audio synthesis model) and a reduced version of WaveNet was
used for the synthesis part. The results showed realistic results while reducing
the generation time over existing implementations by a factor of 400. Another
use of WaveNet is presented in [19]. Here, the author uses non causal dilated
convolutional layers with a dilation of three to remove the noise of a signal. An
experiment with 33 participants and 20 audio samples showed that WaveNet was



preferred over other common denoising methods. Nsynth [8] used a conditioned

WaveNet together with a WaveNet encoder to create new sounds in a similar way

than analogue synthesizers do. Nsynth has been also explored during this thesis
and is presented in section 3.

The use of RNN in end-to-end audio approach have been also explored. As-
suming that WaveNet it is an speci ¢ implementation for audio of the pixelCNN,
a logic step was to explore how pixelRNN would work in the audio domain. With
this idea, sampleRNN [17] was created. As we commented before, RNN are good
to model sequential data, but use to don't scale well at high temporal resolutions.
The authors solve this problem creating a network formed by different modules
each operating at a different temporal resolution. The lowest module processes
individual samples, and each higher module operates on a longer timescale and
a lower temporal resolutions. Each module also conditions the module below it,
with the lowest module outputting sample-level predictions. Trained in three dif-
ferent datasets, results showed that sampleRNN was preferred over other methods,
including a reimplementation of WaveNet.






Chapter 3

Methods

3.1 Wavenet

Wavenet [1] is a Deep Convolutional Neural Network (CNN) that is able to gener-
ate new audio wave-forms operating directly on the raw audio domain. It was re-
leased in 2016 by Oord et. al, members of the Google Deepmind. Before WaveNet,
pixelCNN [33] and pixelRNN [34] were presented. Both architectures achieved
realistic results in the image synthesis eld. Both systems uses all the previous
samples to predict the current one. WaveNet [1], used this approach to generate
audio. Generating one sample at time while conditioning it with all the previous
ones it achieved more natural and realistic results than the best current available
systems on the market. Not only thanks to this results, but only to the disrup-
tive methods used, a large number of researchers explored the opportunities that
WaveNet architecture could bene t in other topics.

Although WaveNet was mostly designed for speech synthesis, in the rst pa-
per [1] also showed the possibilities of using it for music synthesis. A set of new
generated piano samples were presented. Despite no perceptual evaluation was
conducted for the music samples, it showed to the community the possibilities of
using CNNs for audio synthesis.

The methodolody used in WaveNet has been considered a breaking point in
speech synthesis for different reasons. Taking a look into popular Text-To-Speech
(TTS) techniques, can be seen that there exist mainly two different approaches:
Concatenative Systems and Parametrical Systems. On the one hand Concatena-
tive Systems, make use of large databases containing short speech fragments that
are combined between them to create an utterance (word or vowel sound). Even
though the result achieved with this methods is more natural, is still dif cult to
modify some parameters of the generated signal (speaker identity, emphasis, emo-

11
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tions, etc.) without recording a whole new dataset. Parametrical Systems, on
the other hand, use different parameters that contain information about the de-
sired output and are used to control the model, usually formed by different signal
processing algorithms as the Vocoder. In these cases, the stiffness given by Con-
catenative Systems is solved, but its sound tends to be less natural. [35]. The use of
machine learning techniques combined with TTS techniques is also present in the
literature. However, WaveNet presented a new state-of-the art in two key points:
rst, because it works directly on raw audio, withouth any external dependencies.
Second, because it uses a deep CNN instead over architectures more common in
the literature as RNN.

Wavenet, moreover solved some of the drawbacks of Parametrical Systems and
Concatenative Systems. Firstly, the perceptual evaluation performed in [1] showed
that the generated speech was even more natural than Concatenative Systems.
Secondly, by training the network with different speakers and using global con-
ditioning, the generated speech could be controlled in several domains. However,
WaveNet also has its own drawbacks.

One of the main weaknesses of WaveNet was his high computational cost. Due
to its large receptive eld 1 second was needed to generate 0.02 seconds of audio in
specially designed GPUs [1]. However, the authors focused on solving this prob-
lem and in 2017 they presented a new WaveNet architecture Oord2017 that could
parallelize most of its operations. The generation time was reduced by a factor
of 1000 times, making it possible to generate 20 seconds of audio with just one
second. Finally, this year Google adopted WaveNet in his voice assitant projects,
making it work in real time [36].

Even the big technological advance that WaveNet suppose for the eld, Google
didn't publish any open version of it, and the available information was very lim-
ited. Due to that, the community, and mainly Igor Babuschkin (ibab), implemented
a similar neural network from the available papers [18].

Igor Babuschkin's implementation is dif cult to follow from a novice perspec-
tive with the available literature. Even it is as close as possible to the original
implementation is dif cult to relate the original paper [ o0ord2016] and the open
source implementation [18]. Due to that, in the following sections rst the ar-
chitecture from the original paper [1] will be presented. Later, Igor Babuschkin's
implementation will be explained in detail while referencing also to the original
paper.
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3.1.1 Original Network

Wavenet is presented as a fully probabilistic and autoregressive model where each
audio sample is conditioned in all the previous ones. In that way, they treated the
problem as if it was a classi cation problem. The joint probability of a waveform

X = X, ...,X7 IS factorised as a product of conditional probabilities as:

T
P(X) = O P(XtiX1, - Xt 1) (3.1)
t=1
This conditional probability distribution of each sample could be learned by a
neural network. To understand the overall network is useful to divide the system in
6 different sections: Pre-processing, dilated causal convolutions, gated activations
units, residual and skip connections, post-processing and conditioning. A full
overview of the network could be seen in gure 3.1

Figure 3.1: Overview of the residual block and the entire architecture [1]

Pre-processing

Typically raw audio is generated with a sampling frequency of 44100 Hz and a
quantization of 16 bits. The sampling frequency came by the human hearing range
(20Hz - 20000 Hz) and the Nyquist-Shannon sampling theorethat says that in order
to avoid aliasing the sampling frequency has to be at least the double of the fre-
guency that has to be reproduced. However, not all the audio signals work in this
range. Speech for example tends to go from 300 Hz to 3400 Hz. Due to the sig-
ni cant cost of working with this amount of samples, the rst step was to reduce
the sampling frequency from the input. Researchers decided to use a sampling
frequency of 16000 Hz instead of 44100.
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When converting an analog signal to a digital one a quantization factor has to

be decided. The quantization, is the number of fractions that the amplitude of the
signal is divided. A common convention is to use 16 bits to code each possible
value. That means that the total possible values per each sample are 26 = 65536.
As we commented before and could be seen in equation 3.1 each sample is condi-
tioned by all the previous ones. That means, that this value that comes from the
guantization will be used to predict all the following samples. Due to that, one
could understand that predicting one value among 65536 values, could not be an
optimal option. However, reducing the quantization of a signal also reduce the
quality of it. A compromise between the quality of the generated signal and the
guantization channels has been found by the researchers in 9 bits. This, reduce the
possible values to 256. Is also important to mention, that even it would look like
regression problem, the problem is tackled as a classi cation problem. That means
that each new sample, could be seen as a category to predict while having all the
previous samples as a features. This reduction, then is more important than ever,
as the network has only to distinguish among 256 categories instead of 65536.
In order to reduce the number of quantization channels, Oord et al. decided to
a apply a mlaw transformation [37] to the data and later quantize it to the 256
possible values. Researchers found that this non-linear transformation produced
signi cantly better results than linear quantization methods. A  mlaw transforma-
tion is computed as:

In(1+ njxij)
In(1+ m

where -1 < x; < 1, m= 255 and sign represents the Sign function.

f(xt) = sign(x) (3.2)

Finally, one-hot encoding is applied to each sample. One-hot encoding consist
in turning this 256 values into a form that would be understood better for the neu-
ral network. In detail, each category will be represented by an array of O's and 1's
as showed in table 3.1.

Category | One-Hot Vector
0 1/0]..|0
1 oj(1|..]0
255 0/0)..]12

Table 3.1: One-Hot Encoding Example

An array formed by all this concatenated one-hot encoded vectors would be
the data used to train the network, and the data generated by the network. At the



3.1. Wavenet 15

end of all the process, this one-hot vector will be decoded again to create an audio
waveform.

Dilated Causal Convolutions

Dilated causal convolutions are the main ingredient of WaveNet. The word causal
means that the network will only look at the previous and the current samples to
predict a new one (as a causal lter) [20]. In this specic case, the use of causal
convolutions is justi ed because the output is not known. That means that is not
possible to use a future sample inside the convolution. However, other architec-
tures (i.e. WaveNet for speech denoising [19] or even during the training process,
where the future samples are known, the use of non-causal convolutions will also
work. In gure 3.2 two WaveNet architectures are presented. The rst one shows

a network consisting of a stack of causal convolutional layers [1]. The image below
presents re-implementation of WaveNet using non-causal convolutions [19]. The
architecture also differs in the dilation factor. First gure doesn't have diltions lay-
ers. On the other hand, the architecture presented in Pons2018 has a dilation factor
that increase at the power of 3.

Figure 3.2: Top: Network with 4 layers of Causal Convolutions [1]. Bottom: Network with three
dilated non Causal Convolutions [19]

The word dilated means that the Iter is applied by skipping certain elements
in the input [20]. That allows the network to create a big receptive eld that grows
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exponentially with less layers than non-dilated networks. One of the main advan-
tage of CNN over RNN is that they are typically faster to train as they don't need
recurrent connections. However, when a big receptive eld is needed so many
layers are also required. The fact of adding more layer to the network increase con-
siderably the computational cost. Dilated convolutions tends to solve this problem
by assuring a big receptive eld with just a few layers. Also, the input resolution
through the network is well maintained. In gure 3.3 we can see the same network
as in gure 3.2 but when dilated convolutions applied. If we compare gure 3.2
(top) and gure3.3 we could see that the receptive eld of the non-dilated network
is only 5. For a non-dilated convolution the receptive eld could be calculated as:

r=n+1 1 (3.3)

where n is the number of layers and | is the lIter length. However, using
dilated convolutions the receptive eld of the output grows up to 16 while keeping
the same number of layers. In this case the receptive eld size can be calculated as:

n
r=(1 1) §d@i)+1 (3.4)
i=1
where | is the lter length, n is the number of layers, i is the current layer and
d(i) reffers to the dilation factor of each speci c layer.

Figure 3.3: Top: Network with 4 layers and dilation of 2[1]

The paper proposes to start with a dilation of 1 and increase it exponentially
by a factor of 2 every time until we arrive to 512. Later, repeat this several times.
The network created then, will look like this: 1,2,4,...,512,1,2,4,...,512,1,2,4,...,512.
Applying equation 3.4 the receptive eld for each block would be 1 + 2+ 4+
...512+ 1 = 1024. However, the receptive eld of the full network won't be a
multiple of 512, itwillbe 3 (1+ 2+ 4+ ..512+ 1= 3070

Gated Activation Units

The gated activations unit used were the same as in the gated PixelCNN [33]:
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Z = tanh (Wf,k X) S(Wg,k X) (35)

where * denotes a convolution,  denotes an element wise multiplication, s( )
is the sigmoid function, kis the layer index, f denotes the lIter, g denotes the gate,
and W is the learneable convolution lter. Gated activation units are in charge
of mapping the output of the dilated convolution in resulting values from 0 to
1. In deep learning, is common to use a Relu function instead of other functions.
However, in pixel CNN [33] was demonstrated that this particular case of activation
units performs better than Relu.

Residual and Skip Connections

A full overview of the entire architecture is presented in gure 3.1. It can be seen
that a causal convolution occurs rst with the pre-processed data. Later the result
of this convolution enters the rst layer of the dilated stack. In this block the
gated activation units are calculated. Finally, in this block a 1 by 1 convolution
is performed. Later, the residual connections and the skip connections must be
calculated. To calculate the residual we need to add the output from the rst causal
convolution and the output of the 1 by 1 convolution. This residual connection will
be used to feed the following layer. The skip connection is directly the value that
comes from the 1 by 1 convolution. This value is stored, until all the layers are
computed. Later all this values are summed and nally the post-processing part is
performed.

Post-processing

As could be seen in gure 3.1 the post processing part consist of a ReLU function
followed by a 1 by 1 convolution, another ReLu followed by a 1 by 1 convolution,
and nally a softmax layer, that is used to calculate the loss.

Conditioning

Finally the neural network could be extended adding a condition both during the
training and during the generation part. Adding a condition allows the system to
learn different parameters during the training and generate more speci cs sounds
during the generation. For example, in the case of speech synthesis the system
could be conditioned on the speaker identity or also in the speci ¢ phoneme to
produce. To do that two different types of conditionality are presented: global
condition and local condition.

Global condition is used to force the system to learn the speaker identity. This
allow us to train the network with different speakers (different gender, race, etc.)



18 Chapter 3. Methods

and choose which one to use during the generation. To use global conditioning we
need to modify the activation function from equation 3.5 by:

z= tanh (Wy, x+ V{h) s(Wgi x+ Vgh) (3.6)

where V  is a learnable linear projection, and the vector VTkh is broadcast over
the time dimension.

Local condition is implemented in a similar way. The use of local condition is
what allows the network to produce exactly a speci ¢ sentence desired by the user.
The main difference between local and global condition is that now the condition
have to be updated every sample. When we want to train the system using local
conditioning equation 3.5 becomes:

z=tanh (Wi X+ Viwy) sS(Wgk X+ Vgiy) (3.7)

where V¢ yisnow a1 by 1 convolutionand y = f(h) is the transformed infor-
mation containing the sample labels. In speech synthesis, it contains the linguistic
information coming from a TTS model.

3.1.2 Igor Babuschkin Implementation (ibab)

When WaveNet was released for the rst time in 2016, the authors didn't want
to publish any code. Moreover, the paper Oord2016 didn't give all the details to
replicate the model. However, due to the relevant results achieved, the online com-
munity started a research project led by Igor Babuschkin (ibab) [18]. After several
months of discussing the results and the capabilities of this new implementation of
waveNet, it started to be considered as the open source "un-of cial" version. Cur-
rently has more than 3000 stars on Github ans has been the starting point for a lot
of projects that used a part of WaveNet or even the full implementation.The results,
however, were not as realistic as the ones achieved by Oord et.al. That could be
for several reasons as the available resources, the time spent to train the network,
or other points that have not been implemented because they are not mentioned
in the paper. This implementation is written in Tensor ow, an interface for imple-
ment machine learning algorithms developed by Google. It runs over Python and
it could be executed both in a computer, mobile devices or large-scale distributed
systems as GPUs [38]. Although this implementation is relatively easy to execute
both for the training and the generating part, the code is very complex for begin-
ners and the published information is not enough to have a good understanding
of the project. Due to that, one of the goals of this thesis has also been to create a
useful documentation for future researchers and students.
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In this section Igor Babuschkin's implementation is presented in detail. This
section often refers to concepts seen in section 3.1.1. But is important to understand
the relation between the original paper and this implementation.

System overview

As explained in section 3.1.1 the input of the network is a directory containing
different raw audio les. The system trains the network le by le (by default
batch_size=1, but could be changed), or splitting it in fragments of 100000 sam-
ples (6.25 seconds) is the le is bigger than that. This happens during the pre-
processing block, when also a mu-law encoding (see section 3.1.1) is performed,
and a tensor is created.Later The tensor created is later one-hot encoded.

The next step is to feed the network that has been previously created. To un-
derstand the full architecture of network a clearer representation is presented in
gure 3.1.2. First, the one-hot encoded tensor is convolved with a causal lter of
length 2 (by default filter_width=2 ) and the output is sent to the dilated_stack
block. In this block is where the residual and the skip connections are calculated
explained in section 3.1.1 are calculated. Later, as it is explained in section 3.1.1,
the post-processing is performed. Finally, the loss is calculated using the soft-
max cross-entropy between the output of each timestep and the input at the next
timestep.

Figure 3.1.2 shows in a more clearer way WaveNet architecture and could ba
good help when trying to understand the code. Is important to mention that the
number of channels and the length of the tensors doesn't correspond to the re-
ality. On one side or below each element, different information is also displyed.
This names corresponds with the variable names used in the code, and are also
described in the following section. In the case of the Iters, we followed a Tensor-
Flow nomenclature, where each lter is de ned with 3 parameters: lter length,
Iter depth and output channels. The number of ouput channels will condition the
size of the next batch, and the number of put channels and depth of the next Iter
must be the same to perform the convolution.

Explore how this parameters affect to the network have been out of the scope
of this project as it was already done by the community. In [23] a long discussion
about this could be found. Most of this parameters come with new papers, confer-
ences and experiments. However, we needed a reduced version of WaveNet, and
we explored different ways of reducing it.
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Parameters

The number of channels could be easily modi ed given as an input by an external
le called wavenet_params.json. Part of this thesis has also been to explore with
some of these parameters, mainly in order to reduce the computational cost of the
network. Some of the most relevant parameters are:

filter_width:2 . width of all the Iters. Both in the causal layer and in the
dilated block.

quantization_channels : number of quantization channels.
dilations : it de nes a new layer with the dilation speci ed.
residual_channels : output channel for the causal lter.
skip_channels : output channels for the skip connection

dilation_channels : output channels for all the Iters in the dilation block
except for the skip connection.

Network and Variables

The network is de ned in model.py. Inside this le we can nd WavenetModel
class, a class instanced irtrain.py  thatis used to create the network. Is in this class
where the network is created and where all the weights are calculated and updated
during backpropagation. All the variables that are used to create the network are
called by the method _create_variables . This method basically creates a Python
dictionary with the parameters of the lter in each layer. In Tensorow a lter

is de ned by 3 parameters: Iter width, Iter depth, and output channels. The
Python dictionary created by _create_variables looks like:

causal_layer : rst causal convolution. Before entering to the dilation block.

Name | Shape Parameters

Filter | 2, 256, 32| initial_ Iter_width, quantization_channels, residual_channels

Table 3.2: Parameters of the Iter in the causal layer

dilated_stack:  All of this variables are created for each dilated layer. This
are being append to the dictionary. See table 3.3

post-processing:  When all the variables used by the dilated layers are cre-
ated, the post-processing block de ned in 3.1.1 is created. See table 3.1.2.
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Name Shape Parameters

lter 2,32, 32 | initial_ Iter_width, residual_channels, dilation_channels
gate 2,32, 32 | lter_width, residual_channels, dilation_channels
dense 1, 32,32 | 1, dilation_channels, residual_channels

skip 1, 32, 512| 1, dilation_channels, skip_channels

Iter_bias 32 dilation_channels

dense_bias| 32 residual_channels

skip_bias 512 skip_channels

Table 3.3: Parameters of the lters in the dilated layers

Name Shape Parameters

postprocessl 1,512, 512| 1, skip_channels, skip_channels
postprocess2 1,512, 256| 1, skip_channels, quantization_channels
postprocessl bias| 512 skip_channels

postprocess2_bias| 256 guantization_channels

Table 3.4: Parameters of the Iter for the post-processing block

After computing all the variables needed by the network, the input data is pre-
processed as explained in 3.1.1. Functionmu_law_encodefrom wavenet\ops.py
and the method _one_hot de ned inside this class are the responsible of encoding
the data. After that, the network is created in a similar way as de ned in 3.1.2. The
methods used for creating the network are _create_network and _create dilation
_layer .

The last step is to calculate the loss function. The loss is calculated as a cross-
entropy softmax of all the samples within the receptive eld. The target is the input
signal, and the prediction are all the predicted samples. During the rst steps the
predicted signal is smaller than the receptive eld, as it is generating one sample
at a time. In these cases the predicted samples needed to calculate the loss are feed
with 0s.

Global Conditioning

Global conditioning, presented in section 3.1.1, can be understood with gure 3.4.
Global conditioning could be understood as adding a bias after the dilation con-
volution and before calculating the gated activation unit. This bias, consist in a
1x1 convolution by a Iter and the global conditioning batch. Global condition-

ing batch is an array with the same number of channels of the input that con-
tains the information about the category that is being trained. If we look g-

ure 3.4 new parameters are de ned. gc_channels is the depth of the lters in
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this block (gc_filtweights ) and (gc_gateweights ). It is also the channels of the
global_conditioning_batch . It must be 32, because it needs to have the same
shape asconv_filter . The cardinality is automatically calculated by the system
and it refers to the number of different categories. It will be explained more in
detail in section 3.1.2.

Figure 3.4: Global Conditioning Block

When global condition is detected these new variables are created:

Name Shape Parameters

gc_embeddings | X, 32 cardinality, gc_channels

gc_gateweights | 1, 32, 32| 1, global_condition_channels, dilation_channels
gc_ ltweights 1, 32, 32| 1, global_condition_channels, dilation_channels

Table 3.5: Parameters of the lter for global conditioning block

So as it was mentioned before, global conditioning is performed by adding a
particular bias in each layer and just before calculating the gated activation unit.

Local Conditioning

Local condition basically force the network to generate a speci ¢ group of samples
belonging to the same class (i.e., vowel, word, pitch...). To achieve this a similar
conditioning than the explained before is performed. The main difference, is that
this condition won't be the same for all the le. Instead, it has to be automatically
extracted by the raw audio. In [1] they used a tool that automatically extracted
some linguistic features from the input data. However, what the tool that they ex-
actly use is not mentioned in the paper, and due to that has not been implemented.
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To understand how local condition works one could review how global condi-
tioning is implemented. The key difference among them, is that global condition-
ing is performed le by le. So, global conditioning_batch  is xed during the
same le. Local conditioning instead, is changing inside the same le. To achieve
that, a new variable called local_conditioning_batch needs to contain the infor-
mation for each sample. As it was mentioned, this information could be something
as complex as linguistic features, but could also be something easier like a category
used to distinguish two classes in a sound. In that case local_conditioning_batch
will be 0 every time that the sample belongs to the rst category and 1 when it
belongs to category. This is what is represented in gure 3.5. Obviously, this one-
dimensional vector must be broadcasted to all the channels of the input. Using
just one channel to locally condition, however, doesn't give the best results. The
intention of showing a diagram with just one channel is merely to make it easier
to understand. Part of this thesis has also been to explore different strategies (one-
hot, previous, current and future sample, etc.) to improve this quality. This will be
described in section 4

Figure 3.5: Local Conditioning Block

Small Tutorial

In this part a small tutorial on how to use this particular extension ow WaveNet is
presented. It follows the of cial tutorial presented in ibab, which is also a useful
resource.

The system is basically formed by 5 important les:



3.1. Wavenet 25

wavenet_params.json: it contains the values for most of the parameters to
create the architecture of the network

wavenet\audioreader.py : in charge of the pre-processing part.

wavenet\model.py : it creates the network and performs most of its opera-
tions.

train.py : trains the network.

generate.py : generate new audio samples.

The following lines will describe how to train the network, how to generate
new audio samples, how to use global condition and nally, how to use local con-
dition.

In order to generate some audio rst, the system needs to be trained. That
could be done executing the following line in the terminal:

python train.py --data_dir=corpus

where --data_dir refers to the directory where the training data is stored.
The data have to be a .wav le. Some parameters can be also added in this ex-
ecution line. They are well described in the rst lines of train.py but can be
also viewed by executing python train.py --help . A recommendation is to add
--silence_threshold=0 and reduce the number of steps --num_steps if the dataset
is smaller than the VCTK. Edit the architecture of the network is also possible. This
is done by editing the parameters in wavenet_params.json.

As we commented before is also possible to condition the network. For condi-
tioning it globally we need to add --gc_channels=32 to the execution line. This
tells to the system that global condition is enabled and also de nes the number of
channels for the condition. If instead of using global conditioning, we want to train
the system using local conditioning, the following parameter has to be passed in
the previous execution line --lc_channels=True

When the system is trained and the model has been stored, the systemn is
ready to generated new audio samples. To achieve that, the following line has to
be called:

python generate.py --samples 16000 --wav_out_path=generated.wav
logdir/train/2017-02-13T16-45-34/model.ckpt-80000
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where --samples is the number of samples to generate, --wav_out_path is
the path to save the generated le and logdir is the model used for the gener-
ation. When running the generation part, both the model and the parameters in
wavenet_param.json must be the same. As before, it is also possible to condition
both locally and globally. To generate a sequence globally conditioned we must
add --gc_cardinality , -gc_channels=32 and --gc_id . --gc_cardinality is the
number of different categories and is printed in the console before starting the
training and --gc_id is the category to generate.

In order to synthesise a new sound locally conditioned more parameters need
to be added to the execution line. First, the system needs to know to the values that
goes with each sample. We did that by passing .txt le or a .json le, depends of
the network used that basically contains the information needed per each sample.
That will be described in section 4. However, to add this le, we need to add to
the execution line --labels=labels_path  where labels is the name of the le that
contain the local condition. As in the case of global condition, --lc_channels=...
and --lc_cardinality=... have to be added to the execution line. These values
are printed during the training and must be the same as it de nes the architecture
of the network.

3.2 Nsynth

Nsynth [8] was presented in 2017 by Magenta, a research project that explores the
role of machine learning in the process of creating art and music. They presented
several artistic projects with the purpose of generating new songs, images, draw-
ings and other materials. All the code is always available on his GitHub respository
[39].

For this project, and given the good results that Wavenet achieved in audio
synthesis, they decided to use Wavenet for a most artistic purpose. In particular,
they were inspired by classical synthesizers, in the way that they could create new
sounds with speci ¢ tone and timbre just modifying some signals as the pitch, the
velocity or some Iter parameters. Wavenet, although it showed realistic results in
speech and music synthesis, was not able to create new sounds. Neither was its
purpose. In this project, instead, the purpose was to generate new sounds but, at
the same time, preserving some of the characteristics of the training data. In this
project they presented two works: rst, a Wavenet autoencoder that was able to
create new sounds by combining different sounds for the training, and second, a
large-scale and high-quality dataset of musical notes.

To understand rst how WaveNet works, a brief understanding of autoencoders
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is needed. An autoencoder ( gure 3.6) is basically a neural network that attempts
to copy its input to its output. The network could be seen as consisting of two
parts: and encoder function h = f(x) and a decoder who produces the recon-
struction r = g(h). Between these two parts there is a hidden layer, the code h,
that is used to represent the input in a reduced representation. Traditionally, au-
toencoders were used mostly for dimensionality reductions, however, nowadays an
autoencoder designed to copy perfectly the input is not especially useful. Instead,
they only copy speci ¢ characteristics of the input data to generate something new.
That, have brought autoencoders to the forefront of generative modelling. [40].
This is exactly the case of Nsynth, where an autoencoder has been used to condi-
tion the network in order to create new types of expressive and realistic instrument
sounds.

Figure 3.6: Autoencoder

Nsynth works in a similar way as WaveNet. It generates new audio waveforms
from raw audio. However, WaveNet relies on external conditions to control the
desired output. In Nsynth these external conditions, have been removed and are
automatically controlled by a temporal encoder. The temporal encoder (gure ?9
is a 30-layer non linear residual network of dilated convolutions followed by 1x1
convolutions. Each convolution has 128 channels and is followed by a ReLU func-
tion and a 1x1 convolution. The temporal encoder output is nally feed into a
1x1 convolution and is downsampled by a factor of 512 (32ms). The time resolu-
tion depends on the stride of the pooling layer. A good compromise was found
when using 16 dimension per timestep and stride of 512 (32ms when fs= 16000).
The WaveNet decoder is similar to the original WaveNet model [1], however, every
layer is conditioned by the upsampled output of the temporal encoder.

The realistic results achieved by this network is not only thanks to its archi-
tecture, but also for the specic dataset used. This dataset was created using
commercial sample libraries and it contained 1006 different instruments, 87 dif-
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Figure 3.7: Wavenet Autoencoder [8]

ferent MIDI notes and 5 MIDI velocities. The use of this speci ¢ dataset allow
the encoder to condition the WaveNet decoder, not only with its pitch, but only
with its timber. However, producing the same as the input was not the goal of this
project. To achieve new realistic sounds the authors modi ed the embedding in the
generation part combining the encoding result from different instruments. As an
example, if the conditioned passed in the generation is (c; + ¢;)/2 being c; a piano
samples and ¢, a ute sample, the result would be a new instrument combining
some characteristics of the piano and some of the ute.[41]
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Implementation and Experiments

During this project, different experiments have been done in order to understand
the performance of Igor Babuschkin's implementation of WaveNet [18]. All of these
experiments are well described in [42], and are also presented in the appendix.

This section starts describing most of these experiments, and analysing it re-
sults. Later, two new architectures are presented. Both extend Igor Babuschkin's
implementation [18] adding local conditioning. In the rst one, local condition-
ing is used to generate a speci ¢ signal from a dataset conditioning it on the mel
spectrum. To analyse the dataset, mel spectrum have been used. The other net-
work, also uses local conditioning to generate a speci ¢ sound with an speci c
fundamental frequency but it uses MFCCs as the condition.

4.1 Reducing the Network

The original paper on WaveNet [1] revealed few details about the speci cs of the
implementation. An online community with interest in the WaveNet explored im-
plementation details. [43].

Most of the challenges that keep the interest of the comunity were how to
achieve a realistic speech sound, or a realistic audio sound. However, this thesis
differs from most of these posts because we want to understand how WaveNet
works, and see what could it learn. For this thesis, the computational cost is a
limiting factor, as we only have 3 avilable GPUs to share among all the interested
students. The time also was a limiting factor, as we had a short period to present
the results. In this rst section we explored how reducing the network affected the
quality of the generated signal, and how it reduces the computational cost.

We started by reducing the dataset. For that we used one sinuoid sampled at
16000 Hz and duration of 1 second. We have seen that good results were achieved

29
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with a receptive eld of 16. 2 stacked layers of 3 dilations increasing by a fac-

tor of 2 (2x(1,2,4). Reducing the quantization channels also resulted in a faster
computation withouth affecting the generated signal.Training the network during

100 epochs lasted 262 seconds. To generate 1 second of audio (16000 samples) took
38.8 seconds. Figure 4.1 shows the generated signal, and the loss function achieved
during the training.

Figure 4.1: Generated signal and Loss function for the reduced network

4.2 Global Conditioning

As we described in section 3.1.1, conditionallity was implemented in order to copy
the characteristics of one specied speaker. In Igor Babuschkin's implementa-
tion, the condition is speci cally designed to work with the VCTK corpus dataset
[44]. Each different speaker is treated by the network as a different category, so
different lters are used in the conditioning part for each category. The cate-
gory is taken from the le of the name, and that is performed in the function
get_category_cardinality from audio_reader.py. In order to use global condi-
tioning with our datasets, this function has to be modi ed according to the name
of our les.

In this section, different datasets have been created to explore global condition-
ing. Below some of the results are presented. A full description of the experiments
could be ndin [42].

First, we tried to make the system learn different frequencies. To achieves
that, we train the network using 7 different frequencies (440, 493.88, 523.25, 587.33,
659.25, 698.46, 783.99) Hz, and we train the system during 100 epoch. The results,
that could be seen in Figure 4.2 showed that the system is able to learn different
frequencies.
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