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Abstract

The goal of this work is the design of a Text-To-Speech (TTS) tool, able to
express emotions. In the thesis, we will present the various methodologies for the
development of a classical speech synthesis. We will continue by analyzing the
new models of TTS based on Neural Networks. We will see how elements such
as prosody and intonation can be integrated within a Neural Network and which
results can be obtained. Then, we will dive into expressive speech analysis and
will justify several approaches through which we can in�uence expressiveness into
neutral speech. We will continue with the presentation of our model created for the
transfer of prosody able to make the spoken text very �uent and with some hints of
emotion. The result obtained therefore makes us understand how one of the possible
solutions for the implementation of a Text-To-Speech with emotions is through
the transfer of these rhythmic elements of the accents. The model obtained can
generate, given the input the sentence to be pronounced and the type of emotion, a
very �uent and expressive voice.
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Abstract

L'obiettivo di questo lavoro è la progettazione di uno strumento Text-To-Speech
(TTS), in grado di esprimere emozioni. Nella tesi presenteremo le varie metodologie
per lo sviluppo di un Text-To-Speech classico. Proseguiremo analizzando i nuovi
modelli di Text-To-Speech basati sulle Reti Neurali.Vedremo come elementi come
la prosodia e l'intonazione possono essere integrati all'interno di una rete neurale
e quali risultati possono essere ottenuti. Quindi, in particolare faremo un analisi
espressiva del discorso e giusti�cheremo i diversi approcci attraverso i quali è possibile
in�uenzare l'espressività in un discorso neutro. Proseguiremo con la presentazione
di un nostro modello creato per il trasferimento della prosodia in grado di rendere il
testo parlato molto �uente e con qualche accenno di emozione. Il risultato ottenuto
quindi ci fa capire come una delle possibili soluzioni per l'implementazione di un
Text-To-Speech con le emozioni sia attraverso il trasferimento di questi elementi
ritmici degli accenti. Il modello ottenuto è in grado di generare, dato in input la
frase da pronunciare e il tipo di emozione, della voce molto �uente ed espressiva.

xii



Chapter 1

Introduction

1.1 Motivations

Since the beginning of the 2000s, we have observed an explosion in the computer
science �eld that has led us to experience a new industrial revolution. Technology
has now become an integral part of everyday life. Whatever task we accomplish,
whether inside or outside our homes, is completely di�erent from 10 years ago.AI 1

is rapidly changing every market sector and it is legitimate to wonder how much it
can help us in important areas as Natural Language Processing. There are several
applications of Natural Language Processing and we have decided to focus on text
and speech processing, and in particular Expressive Text-to-speech task.

Text-To-Speech makes the online world and beyond available to people with
learning disabilities, visual impairments, and literacy challenges. Well-designed
applications, websites, and services give all users equal access to information and
functionality. One of the tools that help make this happen is Text-To-Speech (TTS2).
Deploy this kind of applications that turn text-based content into audio and enable
all your users to access information and communicate with others, there are many
other �elds where a TTS is very useful including, Health Care, Home Automation,
Learning, Robotics, and Telecommunication.

Expressive Text-To-Speech is a hot topic in the NLP area because there is still
no gold standard of how to implement it and there is much application for this area
because only expressive TTS can in a full way duplicate human voice.

1Arti�cial Intelligence
2Text-To-Speech

1



2 Chapter 1. Introduction

1.2 Aims

The goal is to develop a Text-To-Speech tool able to produce a very �uent and
understandable spoken representation and above all capable to express emotion.
This need arose when we listen to the result produced by the recent Text-To-Speech
they give the appearance of having a neutral and emotionless voice.

As this technology is becoming more and more popular, making it capable of
transmitting emotions would take the user experience on another level. However,
the task of in�uencing neutral speech with emotions is challenging and requires
a lot of time and e�ort as there are many baseline speech synthesis models and
we have several ideas on how to adapt the emotional module to them. All these
combinations should be trained and tested and many of them might not give good
results or they can completely fail, so there is enormous work ahead of us.

1.3 Outline

Below are reported the di�erent contents of each chapter.
In the second chapter, we will explore the fundamental concepts and the �rst

technologies developed not based on today's neural networks, we will also describe
in detail and how the neural networks used in today's TTS are composed.

In the third chapter we will talk about the state of the art. We will go on
to talk in detail about today's technologies used for the construction of a TTS,
currently, the best systems are those that use neural networks and we will give an
explanation of the various layouts that form these neural networks and why they
are particularly e�ective in this task.

In the fourth chapter, we will analyze the datasets used for the training of neural
networks. These datasets contain audio �le phrases spoken by di�erent speakers
with the accompanying transcription. These datasets can be of various types, from
containing audios that are spoken by professional speakers or taken from famous
TV series, or simple conversations. We will highlight which datasets are best suited
to our use and we will explore the preprocessing techniques we had to apply to the
di�erent datasets.

In the �fth chapter, we will explore the possible emotional architectures to be
used together with the di�erent models to produce speech. We will explain the
choices made on one module rather than another, arriving at the �nal model.

In the sixth chapter we will present the model we created specifying the di�erent
layouts and the operations performed. We will introduce and explain a new metric
used speci�cally to manage emotions called style loss.

In the seventh chapter we will show all the steps applied to our model for training,
both for speech generation and the classi�cation of emotions. We will calculate
the necessary metrics and tuned the hyperparameters to be able to comment the
results obtained.

In the eighth chapter, we will explain the approach used to evaluate our model
to compare it with the current state of the art and we will show the results obtained.

Finally, the ninth and �nal chapter will cover the conclusions commenting on
the results obtained and possible future works.



Chapter 2

Background

In this section, we will provide all necessary background information required
for understanding the TTS area. Firstly we will shortly discuss general Text-To-
Speech technics. Then, classical technics such as diphone and unit selection will be
described in detail. For understanding State-of-the-art technics, we will provide an
overview of Neural networks, Recurrent Neural networks, Highway networks, and
residual connections.

Finally, we want to discuss the Tacotron model as it was state-of-the-art before
the updated Tacotron2 was introduced. It is a really important model as many
components and brand new technics were implemented by Google researchers and
the general pipeline of Tacotron 2 was adopted from this model.

3



4 Chapter 2. Background

2.1 General overview of TTS

The modern task of speech synthesis, also called Text-To-Speech or TTS, is to
produce speech (acoustic waveforms) from text input.

Synthesizers are used to conduct dialogues with people and are very important
in non-conversational applications that speak to people, such as in devices that read
out loud for the blind, or in video games or children's toys. Finally, speech synthesis
can be used to speak for su�erers of neurological disorders, such as astrophysicist
Steven Hawking who, having lost the use of his voice due toALS1, speaks by
typing to a speech synthesizer and having the synthesizer speak out the words.
State-of-the-art systems in speech synthesis can achieve remarkably natural speech
for a very wide variety of input situations, although even the best systems still tend
to sound wooden and are limited in the voices they use.

In an overview of speech synthesis technology[2] a generic description of TTS
is exposed and it also explained the current structure of TTS with all its variants.
When we approach TTS, we can divide it into two essential blocks:NLP2 and DSP3

(Figure 2.1).

Figure 2.1: NLP and DSP Block.

1Amyotrophic lateral sclerosis
2Natural Language Processing
3Digital Signal Processing



2.1. General overview of TTS 5

The �rst one is the Natural language processing block; his role is to take the
input text and transcribed it into a phonetic representation. The second block is
Digital signal processing and his role is to generate the speech sound, this element is
generated from the phonetic representation of the NLP block. The NLP block can
be considered as the number of steps followed to get the phonetic representation
and is composed of these elements:

1. The Pre-Processing where �Regularization� operations are done (convert
abbreviation, acronyms turn into full text, etc.)

2. The Morphological Analysis and Contextual Analysis that work together, in
this step the tokenization is applied. if we have some problem related to some
particular language the contextual analysis is performed.

3. The Syntactic analysis and his main goal is to use the information of the
precedent step to predict the prosody.

4. The phonetization block generates the sequence of phonetic symbols for each
word. A pronunciation lexicon should be constructed �rst, and the phonetic
symbols of each word should be produced according to the lexicon.

5. The Prosody generation that will generate the prosodic features which include
pitch curve, duration and pause information, stress and rhythm features. This
will in�uence the smoothness of the TTS.

Then we have the DSP block, which is composed of two main blocks: the rule-driven
methods and data-driven methods. Rule-driven methods simulate the speech voice
according to the rules deduced from the acoustic process while the principle of
data-driven methods is to generate the speech by recorded speech data or by the
statistical parameters got from speech data. The two approaches of Rule-driven
synthesis methods are articulatory synthesis and formant synthesis while the main
approaches of Data-driven synthesis methods are concatenative synthesis, unit
selection synthesis,HMM 4 synthesis, andDNN5 synthesis.

¥5mmRule-based
Articulatory Synthesis is a direct simulation of the physical process of human
pronunciation. Its advantage is very �exible, but its main disadvantage is the sound
quality is not good. The second one is the Formant Synthesis that is a simulation
of the acoustic process. Formant is the resonance frequency area of the vocal tract
and it is based on the source-�lter model of speech production. In this model,
speech sound is produced by two kinds of sound sources: the source of a voiced
sound and the source of unvoiced sounds is a random noise generator. Then, the
voiced and unvoiced sounds generated from sound sources are modi�ed by the vocal
tract model.

4Hidden Markov model
5Deep neural networks



6 Chapter 2. Background

Data-driven
The Concatenative system generates the voice connecting small recorded voice, then
the utterance is modi�ed by the prosodic model, the sound quality is very good.
there can be some problem with memory because the system is more natural if we
have longer units since less concatenation is needed, but if we have shorter units
the sound quality will become bad, the disadvantages are the discontinuities of unit
boundaries and can lead to some unstable result. In this case, the Unit Selection
can �x the problem.

Unit Selection is similar to Concatenative Synthesis but solves unnaturalness by
storing multiple instances of each unit with a di�erent prosodic feature, However,
this method also has the same problems of selecting error units and a huge speech
corpus is needed.

Since we can have a problem of database size in Unit Selection (need a big
corpus) we can use a parametric synthesis to infer the acoustic parameter from
speech data. in this case, less memory is needed to store the parameter (we're not
storing anymore all the corpus). HMM is a parametric model and consist of two
phases:

1. The training phase is similar to the one used in speech recognition, we extract
the feature and we model this vector of features depending on the context
(grammatic, prosody).

2. Synthesis �lter transforms the feature vector in acoustic signal (Synthesis
phase). this allows more �exibility with respect to Unit Selection but can
lead to some limitations on synthesized speech.

In an HMM-based speech synthesis system, some limitations would degrade the
accuracy of acoustic models and the quality of synthesized speech. DNN was
introduced to solve this problem, thanks to the hidden layer we are trying to learn
the more useful feature. DNN could be used to models the features of text and
speech sounds and output the vectors of phonetic signals, but on the other side,
the power computation is bigger than HMM.

Rule-driven synthesis methods are used less today because the synthesized speech
sounds are not good enough. But their advantages are the low processing costs and
high �exibility. Data-driven synthesis methods nowadays are the dominant methods
because they can provide a higher quality of synthesized speech. Unit selection
synthesis could generate the best speech but it also cost the largest memory and
data. Compared with Concatenative synthesis and Unit Selection synthesis, HMM,
DNN, and other statistical synthesis techniques could produce similar natural speech
but only need fewer speech data and memory, they achieve the best balance at the
present time.
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2.2 Classical approaches for speech synthesis

Diphone Waveform synthesis

Given an internal representation of the input text, the purpose is to generate a
waveform. The diphone concatenative synthesis generates waveform by concatenat-
ing phones which are taken from a prerecorded database of diphones.[38] a Diphone
is a unit similar to phoneme with the di�erence that it starts somewhere in the
middle of one phoneme and ends in the middle of the following one.
The process can be characterized by two processes:

ˆ The training process consists of recording each diphone with a single speaker
and cutting each diphone out of speech and store them into the diphone
database.

ˆ The synthesis process consists of retrieving diphones from a database, con-
catenate them, and use signal processing.

We tend to use diphones instead of phones because each phone slightly depends on
the previous and following one. This phenomenon is called coarticulation.It can
cause discontinuity and as it can be seen from the �gure below, the same phoneme
�eh� has a di�erent structure in its beginning and ending, but in the middle part it
is more or less stable, so it is better to concatenate from the middle of the phone
(Figure 2.2).

Figure 2.2: Waveform example.

To build a diphone database we need to perform the following steps:

1. Create a diphone inventory
2. Hire a speaker
3. Develop text for the speaker to read for each diphone
4. Record the speaker reading each diphone
5. Segment, label, and pitch-mark the diphones
6. Excise the diphones

Diphone inventory is the process of eliminating part of diphones. The idea is that
by combining each possible phoneme with the same number of phones, we will get a
huge number of possible diphones (pairwise phonemes). However, some of the pairs
of phonemes are never used with each other in speech. So diphone inventory is the
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process of deleting this useless pair. Steps from second to fourth are required only
a professional speaker, which can be called voice talent, professional microphone,
and studio or silent location. Voice talent should be careful with recording as the
same diphones in the speech should have a constant pitch, energy, and duration. In
step �ve we need to label and segment two phones to make up each diphone. If we
run speech recognizer in force alignment mode, we can achieve this. Usually, they
are not quite precise in �nding phoneme boundaries, so hand-correction is needed.
After having all the phonemes in the text, we can split it up on diphones and set
boundaries at 50% at all the phonemes, except for stop ones, which will have 30%
of the way into the phone.

For getting to the next step, the following assumptions must be followed: input
text is normalized and we have it as a sequence of diphones and prosodic targets.
And also, we got the appropriate sequence of diphones from a database, the next
task is to concatenate the diphones and modify pitch, energy, and duration to
match intermediate representation.

To concatenate two diphones we �rstly need to apply the windowing function
as if the edges of them are di�erent, we will be hearing the sound of a click. The
second step is to be sure that the pitch period of the end of the �rst diphone should
be the same as the beginning of the second one.

For detecting pitch period, we need an accurate way and it is done by computing
glottal pressure. The traditional and most accurate way is to use an electroglotto-
graph while recording speech. However, it is impossible to pitch-mark something
that has already been collected, if it was recorded withoutEGG6. Some modern
approaches are used to avoid using EGG, and nowadays their accuracy almost as
good as classical EGG.

Finally, given pitch-marked corpus, withTD-PSOLA 7 we can modify the pitch
and duration of waveform via extraction of frame per pitch. For example, to change
the duration of the diphone, we just insert extra copies of some pitch-synchronous
frames and duplicating the piece of a signal. It can be seen in the Figure 2.3.

Figure 2.3: TD-PSOLA.

6Electroglottograph
7Time-Domain Pitch-Synchronous Overlap and Add
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Unit Selection

Unit selection is introduced since diphone waveform synthesis has some prob-
lems. The �rst problem is that the stored diphone inside the database after pitch
modi�cation may contain some artifacts which make the speech unnatural. The
second problem is related to what the diphone analysis can capture, the result is
only the coarticulation but there are many global e�ects on phonetic realization.

Modern synthesizers are based on Unit Selection synthesis[38], is a kind of
concatenative synthesis algorithm like diphone synthesis, there are di�erent step
respect the standard concatenative:

ˆ The database of diphone synthesis stores exactly one copy of each diphone,
while in Unit Selection the database contains many copies of each diphone.

ˆ In diphone synthesis, the prosody is modi�ed byTD-PSOLA while in unit
selection signal processing is not applied.

Unit selection requires a bigger amount of space, but the bene�ts are high.
Entire words or phrases of the utterance may be present in the database leading
to a natural waveform. Besides, in cases we can't �nd large chunks an individual
diphone can be used and since there are many copies of each diphone, the one that
can �t naturally is probably found.
The architecture of unit selection can be summarized assuming that:

ˆ A database of units is given (assume that are all diphone but can be half-
phones and syllables).

ˆ Characterization of the target known as �internal representation� is given.

The goal is to select the best sequence of diphone units from a database that
corresponds to the target representation. The best sequence can be the one that
meets these conditions:

ˆ Each diphone unit we select coincide with the speci�cation of the target (F0,
stress level, etc)

ˆ Each diphone unit concatenates smoothly with its neighboring units

Only ideally a unit can exactly meet one of these requirements. A gradient
version of these constraints is used to �nd the sequence of the unit which minimize
the target cost and the join cost.

ˆ Target costT(ut ; st ): how well the target speci�cationst matches the potential
unit ut

ˆ Join cost J (ut ; ut+1 ): how well the potential unit ut matches the potential
neighbor unit ut+1

High values of cost mean bad matches and join. The task of unit selection is:

U = arg min
U

TX

t=1

T(ut ; st ) +
T � 1X

t=1

J (ut ; ut+1 ) (2.1)
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The target cost measure how well the unit matches the target diphone speci�ca-
tion. Can be represented as a vector of diphone speci�cation (feature) like stress,
F0 value, content/function word, etc. Assume that for each dimension p we can
come up with some sub cost. Each sub cost is related to a feature (can be 0 or 1)
and this feature is weighted (wp) since some feature is more important than the
other one, assume that they are independent and additive. Now the target cost
should be:

T(ut ; st ) =
pX

p=1

wpTp(st (p); uj (p)) (2.2)

The joining cost is a function of two units from the database, but to get this
value we measure the acoustic similarity of the edges of the two units that will be
joined. We compute the join cost as the sum of sub cost weight:

J (ut ; ut+1 ) =
pX

p=1

wpJp(ut (p); ut+1 (p)) (2.3)

Hunt and Black algorithm use three sub costs, the cepstral distance, the absolute
di�erences in log power, and F0. If two units selected were consecutive diphones
in the unit database the join cost is set to 0. This is an important feature of unit
selection synthesis since it encourages large natural sequences of units to be selected
from the database.

The standard method is to think of the unit selection problem as a Hidden
Markov Model. The target units are the observed outputs, and the units in the
database are the hidden states. Our job is to �nd the best-hidden state sequence.

Machine learning can be used to �nd the best weight for join and target cost
but setting the weight by hand reaches a better result. The method of Hunt and
Black holds out a test set of sentences from the unit selection database. For each of
these test sentences, we take the word sequence and synthesize a sentence waveform
(using units from the other sentences in the training database). Now we compare
the acoustics of the synthesized sentence with the acoustics of the true human
sentence.

Now we have a sequence of synthesized sentences, each one associated with a
distance function to its human counterpart. Now we use linear regression based
on these distances to set the target cost weights to minimize the distance. An
alternative approach is to map the target unit into some acoustic space, and then
�nd a unit that is near the target in that acoustic space.



2.3. Neural Network 11

2.3 Neural Network

Feed Forward Neural Network

Arti�cial Neural Network[1] is a mathematical model inspired by the biological
neural network, usually, it is used to solve classi�cation or regression problems. The
imitation of the human brain has been considered as a solution because it is:

ˆ Able to learn

ˆ Fault-tolerant

ˆ Highly parallel

ˆ Able to deal with noise

The neurons are electrically excitable and the information is transported between
them in form of electrical stimulation. The incoming information is added up,
and if the stimulus has reached a threshold, the information will be passed to
other neurons. In this case, the neuron is said to be activated. Otherwise, if the
stimulation is too low, the information will not be passed to other neurons. The
�rst model inspired by a single neuron is the perceptron, it is composed of inputs,
weights, an activation function, and an output (Figure 2.4).

Figure 2.4: Perceptron architecture.

The perceptron works in the same way as a biological neuron. The input is sent
to the perceptron and multiplied by the respective weight, then the bias is added.
Finally, the activation function compares the resulting valuez with a threshold and
if the value exceeds the threshold the neuron will be activated and it will send an
output to the connected neurons. Here is the formula:

z =
X

j

wi � x j + b (2.4)

y = g(z) (2.5)
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There are many activation function and the most used are shown below.
Step function:

g(z) =

(
1 if z � 0

0 if z < 0
(2.6)

Sign Function:

g(z) =

8
><

>:

1 if z > 0

0 if z = 0

� 1 if z < 0

(2.7)

Sigmoid function:

g(z) =
1

1 + e� z
(2.8)

Hyberbolic tangent:

g(z) =
ez + e� z

ez + e� z
(2.9)

The learning process for Perceptron is called Hebbian learning and can be
summarized by the following rule:

wk+1
i = wk

i + � wi

� wi = � � t � x i
(2.10)

Where:
� : learning rate
x i : i th perceptron's input
t: the desired ouput
k: current step of the algorithm

And the steps are the following:

1. Start from random weights

2. Show one record (i.e. setx i values to the ones of the record)

3. If wrong wi = wi + � wi

4. Go to next record (point 2)

The most used activation function for the perceptron is the sign function, but
the problem is that perceptron allows the classi�cation of only linearly-separable
elements. Feed-Forward Neural Network was introduced to resolve the perception
problem. It is a set of neurons connected according to the topology. There are
di�erent elements inside the network:

ˆ Layer: neurons at the same distance from the input neurons.

ˆ Input layer: the layer of neurons that receives as input the data to process.

ˆ Output layer: the layer of neurons that gives the �nal result of the network.
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Figure 2.5: Architecture design.

ˆ Hidden layer: a layer of neurons that processes data from other neurons to
be processed by other neurons.

Sometimes it is not easy to minimize or maximize analytically a function, so we
need to apply a numerical approach: the gradient descent.
It performs the following steps:

1. Pick up a possible solutionw0 (at random)
2. Compute the function derivative@E @w
3. Update the solutionwk+1 = wk � � @E

@w

�
�
�
k

4. Repeat 2 and 3 until convergence
The process of learning in a Feedforward Neural Network is called Backpropagation,
which is the use of gradient descent to iteratively minimize the network error (Figure
2.6).

Figure 2.6: Error trend.
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Backpropagation algorithm

Backpropagation is a core algorithm of how neural networks learn (Figure 2.7).
The core of the algorithm is an expression of the partial derivative of a cost function
concerning weights and bias. The result tells us how quickly cost changes when we
are tweaking the weight.

Figure 2.7: Backpropagation.

But activations could not be changed directly, they are direct calculations
of weights and biases. This means that if we indirectly correctly adjust these
parameters, we could get desired output. Before considering the algorithm we need
to de�ne some notations:

ˆ L: Last layer
ˆ L-1: Second Last layer
ˆ l: layer
ˆ y: output value we wish to predict
ˆ C: cost function
ˆ w: weights
ˆ a: activations
ˆ b: bias

We need to move backward in the network and update weights and biases:

@C
@w(L )

=
@C

@a(L )

@a(L )

@z(L )

@z(L )

@w(L )

@C
@b(L )

=
@C

@a(L )

@a(L )

@z(L )

@z(L )

@b(L )

@C
@a(L � 1)

=
@C

@a(L )

@a(L )

@z(L )

@z(L )

@a(L � 1)

(2.11)

All of these equations are the measure of the ratio of how a particular weight,
bias, activation impact the �nal cost function, which we are optimizing. During
learning, in each part, we are stepping in the direction of the result of these
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derivations. Gradient vector keeps these partial derivatives of weights and biases.
Activations are also a good measure of weights, but we do not keep them in gradient
vectors. Then we compute the gradient using a mini-batch of our data. For each
observation in the mini-batch, we averaging the output of each weight and bias.
This averaged result becomes the output of the gradient, which in turn, makes a
step towards the best direction over the mini-batch size.

Then, after each mini-batch, we update weight and bias in the following way:

w(l) = w(l) � �
@C

@w(l)

b(l) = b(l) � �
@C

@b(l)

(2.12)

However, the three equations shown before (2.11), are used only for the output
layer, to solve backpropagation, we should do the same procedure for all previous
layers making more partial derivatives and adjust weights and biases for them.
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Convolutional Neural Network

A CNN8 is used for image processing. The input of a convolutional neural
network is an image in 3 dimensions (width, height, and depth). It is composed
of hidden layers and an output layer but the layers have neurons arranged in 3
dimensions.

The typical architecture of a convolutional neural network is shown in Figure
2.8. CNN are typically made of blocks that include:

Figure 2.8: CNN architecture.

ˆ Convolutional Layers

ˆ Nonlinearities (activation function)

ˆ Maxpooling

An image passing through a CNN is transformed in a sequence of volumes, as
the deep increases, the height, and width of the volume decrease. The convolutional
layers apply the convolution operation, in which a kernel slides over the input
feature map, and at each kernel position, the elementwise product is computed
between the kernel and the overlapped input subset, then the result is summed up
(Figure 2.9). Using di�erent kernel lead to di�erent e�ect. Therefore, convolutional
layers are described by a set of �lters, that represent the weights of these linear
combinations.

Figure 2.9: Computation details.

The �lter is smaller than the input data and the type of multiplication applied
between a �lter-sized patch of the input and the �lter is a dot product. A dot
product is an element-wise multiplication between the �lter-sized patch of the input
and �lter, which is then summed, always resulting in a single value. Because it
results in a single value, the operation is often referred to as the �scalar product�.

8Convolutional Neural Network
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The activation function used in CNN is theReLu9 (Recti�er Linear Units)(Figure
2.10).

T(x) =

(
x if x � 0

0 if x < 0

(a) ReLu equation. (b) ReLu graphic.

Figure 2.10: Relu activation function

The use of ReLU has a disadvantage: if the weights learned are such that the x
is negative for the entire domain of inputs, the neuron never learns. This is known
as the dying ReLU problem. The dying ReLU problem can be tackled by using a
modi�ed version of the activation function, called Leaky ReLU (Figure 2.11).

T(x) =

(
x if x � 0

0:01� x if x < 0

(a) Leaky ReLu equation. (b) Leaky ReLu graph.

Figure 2.11: Leaky ReLu activation function

Pooling Layers reduce the spatial size of the volume and can operate indepen-
dently on every depth slice of the input and hence control over�tting, often using
the MAX operation obtaining a scaled-down image which keeps the convolution
e�ect. In the end, there is a Fully connected layer that has the same size as the
number of classes and provides a score for the input image to belong to each class.

9Recti�er Linear Unit
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2.4 Recurrent Neural Network

Classical neural networks can deal only with static datasets. When we want to
deal with dynamic data, we can use either memoryless models such as autoregressive
or feedforward neural networks or we can use memory-based models such as linear
dynamic systems, hidden Markov models, or recurrent neural networks(RNN10).

In RNN, memory is introduced through a context vector and output depends
on both current input and previous context. It can help when we need to remember
something from the past. RNN is proved to be Turing-complete.

The output of an RNN at step t is passed to the network at stept + 1. In
such a way, an RNN can be seen as multiple copies of the same network, each one
passing information to the network at the next time step. This characteristic is
shown in Figure 2.12. Therefore, the output at stept is predicted considering the
information at step t � 1.

Figure 2.12: Recurrent NN.

Taken together, all of these considerations lead to a two-pass algorithm for
training the weights in RNNs [28]. In the �rst pass, we perform forward inference,
computing ht , yt , and accumulating the loss at each step in time, saving the value
of the hidden layer at each step for use at the next time step. In the second phase,
we process the sequence in reverse, computing the required error terms gradients
as we go, computing and saving the error term for use in the hidden layer for
each step backward in time. This general approach is commonly referred to as
Backpropagation Through Time. Due to its properties, di�erent type of RNN
(Figure 2.13 on the next page) can solve a big spectrum of problems such as simple
image classi�cation, music generation, sentiment classi�cation, machine translating,
and many others.

The main advantages of RNN are the possibility to process data of any length,
model size is not increasing with increasing size of the input, the computation can
take historical information into account, weights are shared across time. However,
during long backpropagation, with the classical one-gate model, there appears
one problem, which could not be solved for a long time. This problem is a
vanishing/exploding gradient. The reason for this is that it is di�cult to capture
long-term dependencies due to multiplicative gradients which will change a lot in
some layers.

10Recurrent neural network



2.4. Recurrent Neural Network 19

Figure 2.13: RNN types.

One way to solve gradient explosion is to use gradient clipping in which we are
setting the maximum value for the gradient as shown in Figure 2.14.

Figure 2.14: Gradient clipping.

Luckily, all the gradients problems can be solved using Long-Short-Term memory
networks. (Figure 2.15 ) Instead of using only one gate, it is using several gates,
which can �lter out info passing through. These gates can learn which data in a
sequence is important to keep or throw away. By doing that, it can pass relevant
information down the long chain of sequences to make predictions.

Figure 2.15: LSTM architecture.
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Following the pipeline, the �ow of information will encounter four "�lters�:
forget, input-output gates, and cell state.

Forget gate is responsible for the decision of keeping or throwing away knowledge.
Information from the previous hidden state and information from the current input
is passed through the sigmoid function. Input gate is getting previous hidden
state and current input into a sigmoid function which will output the importance
of values, where 0 is not important and 1 is important. Cell state is pointwise
multiplied by the forget vector. This opens a possibility of dropping values in the
cell state if it gets multiplied by values near 0.

Then we perform pointwise addition which will update cell state. The output
gate is responsible for the next hidden state to which we will go to. The hidden
state is used for predictions and also contains information about previous input.
The new cell state and the new hidden state are then carried over to the next time
step. Gated recurrent unit (Figure 2.16 ) combines the forget and input gates into
a single update gate. This means that the usage of previous memory and getting
the new information into the memory in theGRU11 is not independent ofLSTM 12.

Figure 2.16: GRU cell.

Another di�erence between the structures is the lack of the cell state in the
GRU. While the LSTM stores its longer-term dependencies in the cell state and
short-term memory in the hidden state, the GRU stores both in a single hidden
state. However, in terms of e�ectiveness in retaining long-term information, both
architectures have been proven to achieve this goal e�ectively.

11Gated recurrent units
12Long short-term memory
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2.5 Seq2Seq and Attention mechanism

Sequence-to-sequence neural network architectures involve two RNNs [27]. We
start with the source sentence and after proceeding with word embedding, which is
process of converting textual input into representational vector space, we feed this
to encoder RNN. Encoder RNN produces an encoding of the source sentence and
stores this encoding in the �nal hidden state.

The next step is to pass this encoding to decoder RNN in the initial state.
Firstly, we feed the start token to the decoder, and then we can produce the �rst
state of the decoder, as we are using the last hidden state of the encoder as the
initial state of the decoder.

Training and testing processes for the encoder part are the same and involves
creating contextualize representation of the input sequence. However, the Decoder
part is di�erent for training and testing. During the training part, we feed to
the decoder also target sentence as the ground truth. Everything that produces a
decoder is used only for computing loss J, where J is weighed sum over each loss of
each decoder output. Loss of each output is computed as negative log probability
of next word. The training process is depicted in the Figure 2.17.

Figure 2.17: Seq2Seq training.

The testing part does not have a target sentence and in every state of decoder,
using a probability distribution, trying to predict word which can come next using
argmax of this distribution. Then we feed chosen word to the next step of the
decoder and repeat this procedure until we will get the end token. The choice of
the next word is conditioned by the previous state of a decoder and we use a word,
which was produced by the previous step, as an input of the current step of the
decoder. This is not generally true as in the attention mechanism which will be
described later. The test process is depicted below (Figure 2.18 on the following
page).

One of the problems of the seq2seq model described above is that it chooses
words greedily, which means that in long-term games it can produce bad results.
To solve this problem, when choosing a word to generate, we choose K's most
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Figure 2.18: Seq2Seq testing.

promising words at each state of the decoder. It will generate a tree in which we
need to choose a branch with a smaller normalized error value. This approach is
called Beam search. Both encoder and decoder could be also vanilla or bidirectional
RNN, GRU, or LSTM depending on the problem we are solving.

There is a drawback when we use this architecture and is related to interpretabil-
ity, it is more di�cult to debug and control. Worldwide there are many types of
research in this kind of analysis of RNN, and this problem is still not resolved.

One improvement was created and it was so crucial that it is currently considered
as new vanilla and it is called Attention. In standard seq2seq all the encoding of the
sentence is on the last block of the Encoder RNN and this can lead to a bottleneck
(Figure 2.19 ) as this state is overwhelmed with information.

Figure 2.19: Seq2Seq bottleneck.

Attention provides a solution to the bottleneck problem. The idea is to use for
each step of the encoder a direct connection to the encoder to focus on a particular
part of the source sequence (Figure 2.20 on the facing page ).

At the beginning we take the dot product between the �rst decoder hidden state
and the �rst encoder hidden state, the result is called attention score. This value is
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Figure 2.20: Seq2Seq attention.

obtained with all the other encoder hidden states, and we will have one attention
score for each hidden state of the source sentence.

Using these attention scores, we apply the softmax function and we get a
probability distribution for each attention score, and this will be the attention
distribution. This value will be used to produce the attention output It is the
weighted sum of the encoder hidden state.

The Attention output which is a single vector is going to contain mostly in-
formation from the hidden states that received high attention. Then we use the
Attention output to in�uence the output of the next word, we concatenate the
attention output with the decoder hidden state.

Then for each element of the decoder, we compute the same step as before for
getting the output. Notice that in some cases attention output from the previous
step is feed into the decoder.

General improvements:

ˆ Attention signi�cantly improves the performance

ˆ Attention solves the bottleneck problem

ˆ Attention helps with the vanishing gradient problem

ˆ Attention provides some interpretability by inspecting the attention distribu-
tion we can see what the decoder was focusing on.

ˆ Soft alignment is for free
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2.6 Highway Network

Highway Network tries to resolve the same problem as Residual Connection
(see Section 2.7) tried to resolve[7]. Training becomes di�cult as the depth of
the network increase. highway networks allow unimpeded information �ow across
several layers on information highways. The architecture is characterized by the use
of gating units that learn to regulate the �ow of information through a network.

Highway networks with hundreds of layers can be trained directly using stochastic
gradient descent and with a variety of activation functions, opening the possibility
of studying extremely deep and e�cient architectures.

A plain feedforward neural network typically consists of L layers where the layer
l (l � 1, 2, ..., L) applies a nonlinear transform H (parameterized by WH,l) on its
input x l to produce its output yl . Thus, x1 is the input to the network, and yL

is the network's output. Omitting the layer indices and biases for clarity, we are
getting the following equation:

y = H (x; WH ) (2.13)

Where H is usually an a�ne transform followed by a non-linear activation function,
but in general, it may take other forms. For a highway network, we additionally
de�ne two nonlinear transformsT(x; WT) and C(x; WC) such that:

y = H (x; WH ) � T(x; WT) + x � C(x; WC) (2.14)

We refer to T as the transform gate andC as the carry gate, since they express
how much of the output is produced by transforming the input and carrying it,
respectively.

y =

(
x if T(x; Wt) = 0

H (x; WH ) if T(x; Wt) = 1
(2.15)
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2.7 Residual Connection

Deeper neural networks are more di�cult to train. A residual learning framework
allows the training of networks that are substantially deeper than those used
previously. The layers are reformulated as learning residual functions concerning the
layer inputs, instead of learning unreferenced functions. The depth of representation
is very important for many visual recognition tasks.[8]

But is learning better networks as easy as stacking more layers? An obstacle to
answering this question was the notorious problem of vanishing/exploding gradient
which hamper convergence from the beginning. This problem, however, has been
largely addressed by normalized initialization, with the network depth increasing,
accuracy gets saturated and then degrades rapidly.

Instead of hoping every few stacked layers directly �t a desired underlying
mapping, we explicitly let these layers �t a residual mapping. We hypothesize
that it is easier to optimize the residual mapping than to optimize the original,
unreferenced mapping.

Figure 2.21: Residual connection.

Residual Learning
In details. we can considerH (x) as an underlying mapping to be �t by a few
stacked layers (not necessarily the entire net), withx denoting the inputs to the
�rst of these layers. So rather than expect stacked layers to approximateH (x),
we explicitly let these layers approximate a residual functionF (x) := H (x) � x.
The original function thus becomesF (x) + x. Although both forms should be able
to asymptotically approximate the desired functions (as hypothesized), the ease
of learning might be di�erent. If the added layers can be constructed as identity
mappings, a deeper model should have a training error no greater than its shallower
counterpart. With the residual learning reformulation, if identity mappings are
optimal, the solvers may simply drive the weights of the multiple nonlinear layers
toward zero to approach identity mappings.

If the optimal function is closer to an identity mapping than to a zero mapping,
it should be easier for the solver to �nd the perturbations concerning an identity
mapping, than to learn the function like a new one. Here we can see a piece of the
di�erent network architecture and how are composed. In the last network, shortcut
connections are inserted which turns the network into a residual version. (Figure
2.22 on the next page ).

Highway network presents shortcut connections with gating function that are
data-dependent gates and have parameters, in contrast to identity shortcuts that
are parameter-free. When a gated shortcut is �closed� (approaching zero), the layers
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Figure 2.22: Residual network.

in highway networks represent non-residual functions. On the contrary, residual
connection formulation always learns residual functions; our identity shortcuts are
never closed, and all information is always passed through, with additional residual
functions to be learned. Besides, highway networks have not demonstrated accuracy
gains with extremely increased depth.
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2.8 Tacotron

Tacotron is an end-to-end character-based architecture for Text-To-Speech
synthesis based on seq2seq with an attention mechanism. Word-level neural machine
translation models, despite their popularity, have some major weaknesses such as
di�culty with modeling out-of-vocabulary words, and with huge dictionaries, its
complexity becomes a problem. Character-based models can avoid these problems
and they perform better for multilingual translation [11].

The advantage of end-to-end models is that they require much less labor feature
engineering, which may require some heuristics and di�cult design choices. Also, it
more easily allows for rich conditioning on various attributes, such as speaker or
language, or high-level features like the sentiment.

2.8.1 Model description

The model of the architecture is shown in Figure 2.23. At a high level, the
model takes characters as input and produces spectrogram frames, which are then
converted to waveforms.

Figure 2.23: Tacotron architecture

The left part of the �gure represents the encoder which is used to extract a
contextual representation of the input sequence. The input sequence of characters
is �rstly embedded into a continuous vector. Then, for each embedding, we apply
non-linear transformation using two fully connected layers with dropout. This
transformation is called �pre-net� and it is used for improving generalization. Then
we pass output to the CBHG module.

The right part of the �gure represents the decoder. More precisely it uses a
content-based attention decoder, which was described in the previous chapter. The
score is computed with the tanh function. The task is to concatenate the context
vector and the attention RNN cell output to form the input to the decoder RNNs.
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The target of the decoder is an important component. In the Tacotron case, the
compressed target might be su�cient as far as it provides su�cient intelligibility
and prosody information for an inversion process. In the work, they use 80-band
Mel-scale spectrogram as the target. One important thing which was done is that
decoder output several frames at once. It is done as it speeds up convergence and
training and one character is usually represented by more than one frame, so quality
does not get worse. The �rst decoder step is conditioned on an all-zero frame,
which represents a frame. In inference, at decoder stept, the last frame of the r
predictions is fed as input to the decoder at stept + 1.

The next step is to pass all decoder outputs to CBHG, which in this case
is responsible for the post-processing net. Post-processing net learns to predict
spectral magnitude sampled on the linear frequency scale. Also, this net can see
the whole decoder output at once and make some adjustments. The last step is a
synthesis of the waveform, which was done using the Gri�n-Lim algorithm. This
algorithm was chosen for simplicity as it is di�erentiable and can be tuned in any
way.

2.8.2 CBHG module

CBHG module takes into input the result of the pre-net transformation. CBHG
consist of a bank of 1-D convolutional �lters, the input sequence is convolved with K
sets of 1-D convolutional �lter, where thekth set containsCk �lters of width k. As
we can see from the Figure 2.24, we have a di�erent �lter of a di�erent dimension.

Figure 2.24: CBHG architecture
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The convolutional output is stacked together, and a further max pooled along
time to increase the local invariances.

After these steps, we further pass the processed sequence to a few �xed-width
1-D convolutions whose output is added with the original input sequence. This can
be done by using Residual Connection. Notice that Batch normalization is used for
all convolutional layers. The convolution outputs are fed into a multi-layer highway
network to extract the high-level feature.

Finally, we stack a bidirectional GRU RNN on top to extract sequential features
from both forward and backward contexts. The CBHG module improves the
generalization.





Chapter 3

State of the Art

In this chapter we will talk about the state of the art, so what are the current
best TTS systems developed so far. We will �rst explain architectures that we used
as a �nal baseline for comparison with our model, then we will present alternatives
approaches for vocoder and speech synthesis.

First, we will talk about Tacotron 2 (see Section 3.1), a neural network architec-
ture for speech synthesis directly from the text. We will go into detail explaining
its architecture and the di�erences from its previous version and why it is one of
the best TTS systems at the moment.

Subsequently, we will talk about one of the approaches that had excellent results
for style transfer. is an extension of Tacotron 2 and is called GST (see Section
3.2). Global style tokens are a bank of embeddings that are jointly trained within
Tacotron, a state-of-the-art end-to-end speech synthesis system. The embeddings
are trained with no explicit labels, yet learn to model a large range of acoustic
expressiveness.

Later, we are going to talk about Wavenet (see Section 3.3), a deep generative
model of raw audio waveforms. WaveNets can generate speech that mimics any
human voice and which sounds more natural than the best existing Text-to-Speech
systems, reducing the gap with human performance.

When we want to generate speech, we usually refer to the TTS concatenative,
but in this system, it is very di�cult to change the voice without registering a new
database. With this new need, parametric TTS were introduced, but they tend to
have a less natural sound than concatenative TTS. Wavenet changes this paradigm
because it works directly on the waveform of the audio signal, one sample at a time.

However, Wavenet also has drawbacks. To solve these problems we will talk
about an alternative solution, its name is WaveGlow (see Section 3.4) that allows
having a generation of speech almost in real-time at the cost of a reduction in
quality.

Finally, we will introduce and explain another architecture that compared to
Tacotron 2 has a higher training speed, the so-called Transformers (see Section
3.5). We will talk about the di�erences and their advantages and disadvantages
compared to Tacotron 2.

31
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3.1 Tacotron 2

During these years, di�erent techniques have dominated the �eld of TTS. Initially,
Concatenative synthesis with unit selection was the state of the art, later some
methods based on statistical parameters have solved some known problems of
concatenative synthesis, but the audio produced was still mu�ed and not natural.

Tacotron 2 [17] combines the two best approaches: a sequence-to-sequence
Tacotron-style model that generates Mel-spectrograms, followed by a modi�ed
WaveNet vocoder.

Vocoders are the neural systems which used to generate human voice from
mathematical models of the vocal tract or Mel-spectrograms. During the analysis
phase, vocoder parameters are extracted from the speech waveform which represent
the excitation speech signal and �lter transfer function

WaveNet vocoder (see Section 3.3) was later introduced, a generative model of
time-domain waveforms that produce the audio quality that begins to rival that
of real human speech, however, requires signi�cant domain expertise to produce,
involving elaborate text-analysis systems as well as a robust lexicon.

The architecture of Tacotron 2 is depicted in Figure 3.1 and is composed of two
main components:

ˆ Recurrent sequence-to-sequence feature prediction network with attention.

ˆ Modi�ed version of WaveNet.

Figure 3.1: Tacotron 2 Model Architecture.
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3.1.1 Intermediate Feature Representation

Mel frequency spectrograms are chosen as a low-level acoustic representation.
With this representation is easier to operates on time-domain waveforms, further-
more is smoother than waveform samples and easier to train.

The Mel frequency spectrograms can be obtained by applying a nonlinear
transform to the frequency of theSTFT 1. There are properties in high frequency
and low frequency that can be summarized as features that have been always used
in previous TTS systems.

Linear spectrograms discard this kind of information but algorithms like Gri�n-
Lim can estimate this discarded information. Mel-spectrogram discards even more
information and can lead to a di�cult problem to resolve. However, the Mel-
spectrogram is simple since it contains a lower-level acoustic representation of
the audio signals. Since the input of WaveNet is simpler is possible to generate
high-quality audio from Mel-spectrograms with the modi�ed WaveNet.

3.1.2 Spectrogram Prediction Network

As in Tacotron, this model use encoder and decoder with attention. However,
there are several signi�cant di�erences. Instead of using pre-net and CBHG layers at
the embedding stage, we pass input characters through 512- dimensional embedding,
and then it passed to 3 convolutional layers, each having 512 �lters 5-by-1 each.

This dimensionality of the �lter is useful as it can look at the current character,
2 previous, and two followings. Each convolution is followed by batch normalization
and ReLu activation function. Afterward, the output is passed to the single bi-
directional LSTM .

The encoder output is passed to a location-sensitive attention network as a
context vector, which summarizes the full encoded sentence at each decoder output
step. The di�erence of this attention mechanism with respect to the classical one is
that it also considers cumulative attention weights from the previous step of the
decoder.

The decoder of Tacotron 2 is an autoregressive recurrent neural network, which
learns to predict Mel-spectrogram from the given encoder context. The prediction
from the previous step is �rstly passed to pre-net which has the same structure as in
original Tacotron as it helps for learning attention. Then the output of pre-net and
attention context is concatenated and passed through 2 LSTM. Then we project
the output via linear transform to predict the target spectrogram frame.

Lastly, we use 5 layers ofCNN post-net with dropout which predicts a residual
and improves overall reconstruction. In parallel to frame prediction, we pass decoder
LSTM output and context of the attention, after projecting to a scalar, through
sigmoid function which helps to determine whether input sentence is �nished via
�stop token�.

1Short-time Fourier transform
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3.1.3 Wavenet Vocoder

The vocoder is a modi�ed version of the standard WaveNet architecture. As
in the original one, there are 30 dilated convolution layers grouped into 3 dilation
cycles In order to work with the 12.5 ms frame hop of the spectrogram frames,
only 2 upsampling layers are used in the conditional stack (original Wavenet used 3
layers).

PixelCNN and Parallel Wavenet are used to generate 16-bit samples at 24 kHz,
there is a 10 component mixture of logistic distributions instead of the softmax
layer. The logistic mixture is computed by passing through a ReLu activation
followed by a linear project to predict parameters for each mixture component.
Loss is computed as the negative log-likelihood of the ground truth.

Evaluations

Table 3.1 shows a comparison of Tacotron2 against various prior systems. In
order to better isolate the e�ect of using Mel-spectrograms as features, they compare
to a WaveNet conditioned on linguistic features with similar modi�cations to the
WaveNet architecture.

They also compare to the original Tacotron that predicts linear spectrograms
and uses Gri�n-Lim to synthesize audio, as well as concatenative and parametric
baseline systems, both of which have been used in production at Google. they
�nd that the proposed system signi�cantly outpeforms all other TTS systems, and
results in anMOS2 comparable to that of the ground truth audio.

Table 3.1: Mean Opinion Score (MOS) evaluations

System MOS

Parametric 3.492± 0.096
Concatenative 4.166± 0.091

WaveNet (Linguistic) 4.341± 0.051
Ground truth 4.582 ± 0.053

Tacotron 2 4.526± 0.066

2Mean opinion score
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3.2 Global style tokens - GST

To lead to an increasingly human experience of speech, a TTS system must
learn to model prosody. Prosody is the con�uence of a number of phenomena in
speech, such as paralinguistic information, intonation, stress, and style [24]. The
goal is to create a model in which a speech style can be chosen according to the
context, but one of the problems that may arise is related to the objective measure
of correctness in the prosodic style. One of the strengths of GTS is that it can also
be applied to unlabeled and noisy data.

3.2.1 Model Architecture

The model is based on Tacotron that uses a sequence-to-sequence model that
predicts Mel-spectogram. These Mel-spectograms are converted to waveforms by
WaveNet. We have two di�erent approaches to using the GST model, during a
training and during an inference as we can see from Figure 3.2.

Figure 3.2: GST Model Diagram

Training

During the training the information �ows in the following way:

1. The reference encoder , compresses the prosody of a variable-length audio
signal into a vector, we will call himreference embeddings.

2. The reference embedding passes through a style token layer, where it is used as
a query vector to anattention module , but in this case, we are not learning
alignment but the similarity measure between the reference embedding and
each token (randomly initialized embeddings).

3. The attention model produces a set of combination weights that represents
the contribution of each style token to the encoded reference embedding

4. The style token layer are jointly trained with the rest of the model taking only
into account the reconstruction loss from the Tacotron decoder. No explicit
style is required.
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Inference

GST was designed to be �exible and allow great control in inference mode, there
are two methods to get a sample from the model:

ˆ We can directly condition the text encoder on a certain token without using
a reference signal.

ˆ We can feed a di�erent audio signal to achieve style transfer.

For The GST-augmented Tacotron systems, they use the same architecture and
hyperparameters as [17] except for a few details. They use phoneme inputs to speed
up training, and slightly change the decoder, replacing GRU cells with two layers
of 256-cell LSTMs; these are regularized using zone-out with probability 0.1.

The decoder outputs 80-channel log-Mel spectrogram energies, two frames at
a time, which are run through a dilated convolution network that outputs linear
spectrograms. They run these through Gri�n-Lim for fast waveform reconstruction.
It is straightforward to replace Gri�n-Lim by a WaveNet vocoder to improve the
audio �delity. The baseline model achieves a 4.0 mean opinion score.

3.2.2 Multi-headed attention

The idea behind the Scaled Dot product (Figure 3.3) is to convert the input
vector using Keys, Queries, and Values to extract context information and put it
alongside input as a weighted vector. For example, we can imagine that input is
a sentence, Query is a particular word in a sentence, Keys are all the words in a
sentence. By making dot product between Query and Keys we normalize them and
then we use SoftMax to obtain a vector of weights for this particular query. Finally,
we multiply this vector on original Values and obtain the �nal result.

Figure 3.3: Scaled Dot product attention.
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Multi-headed attention (Figure 3.4) is a stack of Scaled Dot-Product attentions
to which gives an advantage of parallelization of computations. However, when we
send as input set of Queries, Keys, and Values we get dimensionality mismatch in
output comparing to the input vector. This can be solved using the concatenation
layer after Scaled Dot-Product attentions and then run it through the Dense layer
which will result in the same dimensionality as the original input vector.

Figure 3.4: Multi-headed attention.

3.2.3 Style Token Architecture

The architecture consists of a reference encoder and style token layer. The
former extracts a high-level prosody embedding vector from the input audio. After,
in the style token layer, They use a multi-headed attention module to learn the
similarity between each style token and prosody embedding.

The weights which we will �nd during training represent how much each token
contributes to some speci�c speaking style. In the end, we generate a style embedding
vector by use of a linear combination of learned weights and global style tokens.

Reference encoder

The reference encoder is made up of a convolutional stack, followed by an RNN.
It takes as input a log-Mel spectrogram, which is �rst passed to a stack of six 2-D
convolutional layers with 3Ö3 kernel, 2Ö2 stride, batch normalization and ReLU
activation function. They use 32, 32, 64, 64, 128 and 128 output channels for the 6
convolutional layers, respectively.

The resulting output tensor is then shaped back to 3 dimensions (preserving
the output time resolution) and fed to a single-layer 128-unit unidirectional GRU.
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The last GRU state serves as the reference embedding, which is then fed as input
to the style token layer.

Style token layer

The style token layer is made up of a bank of style token embeddings and an
attention module. Unless stated otherwise, our experiments use 10 tokens, which
we found su�cient to represent a small but rich variety of prosodic dimensions in
the training data. To match the dimensionality of the text encoder state, each
token embedding is 256-D. Similarly, the text encoder state uses a tanh activation;
applying a tanh activation to GSTs before applying attention led to greater token
diversity.

The content-based tanh attention uses a softmax activation to output a set
of combination weights over the tokens; the resulting weighted combination of
GSTs is then used for conditioning. We experimented with di�erent combinations
of conditioning styles and found that replicating the style embedding and simply
adding it to every text encoder state performed the best. While they use content-
based attention as a similarity measure in this work, it is trivial to substitute
alternatives. Dot product attention, location-based attention, or even combinations
of attention mechanisms may learn di�erent types of style tokens.

In their experiments, they found that using multi-head attention signi�cantly
improves style transfer performance, and, moreover, is more e�ective than simply
increasing the number of tokens. When usingh attention heads, we set the token
embedding size to be 256/h and concatenate the attention outputs, such that the
�nal style embedding size remains the same.
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3.3 WaveNet

Wavenet is a generative model for audio waveform [16]. The main idea is to
predict for each time point a bit of depth. However, this is a huge classi�cation
problem as for each time point, we need to predict one of the 65536 values in stereo
sound since the bit depth is 16. The �rst measure, which was taken to solve this
problem is compounding transformation, which transforms these 65536 values in
the range of 256 values, which at the end we will invert to get the original value
back.

As the authors of the paper referred to PixelCNN [21] during the development
of Wavenet, they had to deal with training procedure in the following way: during
the training in PixelCNN we can train all the pixels in parallel with the assumption,
that we can look only at previous pixels in the image, they solved this problem with
masked convolutions. In Wavenet they solved this issue via causal convolutions, by
shifting output cells on the right, which helps to not look at the future values.

Another innovation in the Wavenet is dilated convolutions. The problem of
causal convolutions is that they need to have a big number of layers to increase the
receptive �eld. The bigger receptive �eld allows us to look for a dependency of data
in long term. A dilated convolution is a convolution where the �lter is applied over
an area larger than its length by skipping input values with a certain step. If in
traditional linear �lters the output is the weighted sum of the inputs, with causal
convolutions extra non-linear operations are applied after each convolution.

Dilated causal convolutions are implemented in WaveNet by doubling the dilation
factor until we will get to the given limit after we start from the �rst value of the set.
In the end, we stack dilated convolution operations one over another as illustrated
in the Figure 3.5.

Figure 3.5: Visualization of a stack of dilated causal convolutional layers.
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3.3.1 Residual Learning Framework

The overall architecture is depicted in the Figure 3.6, where causal convolution
is applied at the beginning and the residual unit represent one hidden layer in the
�gure, and as we can see there is a stack of them, which correspond to a set of features
of the input. All skip connections are summed up to extract relational information
through all residual layers. Then two (ReLu - 1x1 convolution) operations are
performed to return the number of the features to the original one. Finally, we
predict non-normalized probability distribution and we normalize it using the
SoftMax function.

Figure 3.6: Overview of the residual block and the entire architecture.

3.3.2 Residual Unit

WaveNet implements Residual Unit to avoid the vanishing gradient problem and
to reduce the training time. The structure of the residual units used in Wavenet
is shown in the Figure 3.7. There are shortcut connections implemented as skip-
connection and identity mapping. Skip connectionF 2(r) bypasses the residual
layer while Identity mappings consist of an element-wise addition between r and
the non-linear output F 1(r).

Thanks to the shortcut connection we can speed up the gradient propagation
through all layers. The convolution 1x1 is used to produce in the output the same
input matrix but with a di�erent number of features.

There are the same gated activation units as in the PixelCNN network. In
PixelRNN [22] is used LSTM and outperform normal PixelCNN, and to resolve
this problem instead of using a simple RELU between the masked convolutions the
following gated activation unit is used:

z = tanh(Wf;k � x) � � (Wg;k � x) (3.1)
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Figure 3.7: Residual Unit.

where� is the sigmoid non-linearity, k is the number of the layer,� is the element-
wise product, and� is the convolution operator.

This unit is used as a residual learning framework andr is the input of the
residual unit, k is the layer index. f and g are respectively the �lter and gate,W
indicates learnable convolution �lters. This kind of layer works signi�cantly better
than a recti�ed linear unit activation function for modeling audio signals.

3.3.3 Conditional Wavenet

Given an additional input h, WaveNets can model the conditional distribution
p(x jh).

p(xjh) =
TY

t=1

p(x t jx1; :::; xt � 1; h) (3.2)

This parameter allows modifying the probability considering not only the previously
generated samples but also some variables that describe the audio to be generated.
Without h, the sample x would have the most probable value depending on the
previously generated samples, meaning that the �nal result will be a generalization
of what WaveNet learned.

Global Conditioning

Global conditioning uses conditioners that describe the audio samples to be
generated through all the time steps (speaker's identity for example). Now the
distribution not only depends on the previously generated samples but also the
global characteristics of the audio signal.

z = tanh(Wf;k � x + V T
f;k � h) � � (Wg;k � x + V T

g;k � h) (3.3)

Where V* ;k is a learnable transformation of the global conditioner h, projected to
all time steps.

Local Conditioning

Local conditioners direct act the audio samples to be generated over a window
of time (text characters, encoder speech parameters, phonemes). Usually, this type
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of conditioner has a lower sampling rate than the desired audio sequence, therefore
it needs to be mapped into the same time resolution.

This can be done by using a transposed convolution operation that applied
upsampling. The conditionerh becomesy = f (h) which is set to the same
resolution of the audio sequence. Now we can apply this new conditioner to the
gated activation unit as follows:

z = tanh(Wf;k � x + V T
f;k + y) � � (Wg;k � x + V T

g;k � y ) (3.4)

Where V* ;k � y is a 1x1 convolution that upsamples the local conditioner.
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3.4 WaveGlow

WaveGlow is a �ow-based network capable of generating high-quality speech
from Mel-spectrograms [12]. Basically, it combines the insights of Glow [13] and
WaveNet (see Section 3.3), the great advantage of this network is in its speed of
speech generation without losing great quality. Waveglow is formed by a single
network trained using only a single cost function, auto-regression was not needed.

In detail, we have a generative model that generates audio by sampling from
a distribution. To use a neural network as a generative model, the samples are
taken from a simple distribution, a zero-mean spherical Gaussianz with the same
number of dimensions as the desired output, and put those samples through a series
of layersx that transforms the simple distribution into one which has the desired
distribution.

z � N (z; 0; I )

x = f 0 � f 1 � :::f k (z)
(3.5)

The training was carried out with the aim of minimizing the negative log-likelihood.
In most cases, it would be very di�cult to deal with this type of network with
this type of loss, which is why Flow-based networks have been used. We can solve
this problem by making reverse mapping possible, the likelihood can be calculated
directly using a change of variables:

logp� (x) = logp� (z) +
kX

i =1

log
�
�det(J (f � 1

i (x)))
�
�

z = f � 1
k � f � 1

k � 1 � :::f � 1
0 (x)

(3.6)

The �rst term is the log-likelihood of the spherical Gaussian. This term penalizes
the L2-norm of the transformed sample. The second term arises from the change of
variables, and theJ is the Jacobian. The log-determinant of the Jacobian rewards
any layer for increasing the volume of the space during the forward pass. This
term also keeps a layer from just multiplying thex terms by zero to optimize the
L2-norm. The sequence of transformations is also referred to as a normalizing �ow.

The model is most similar to Glow and is depicted in Figure 3.8. For the forward
pass through the network, groups of 8 audio samples are taken as vectors, and
then the �squeeze� operation is applied, as in Glow. We then process these vectors
through several �steps of �ow�. A step of �ow here consists of an invertible 1Ö 1
convolution followed by an a�ne coupling layer.
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A�ine Coupling Layer

Invertible neural networks are typically constructed using coupling layers. In
the WaveGlow case, an a�ne coupling layer is used. Half of the channels serve as
inputs, which then produce multiplicative and additive terms that are used to scale
and translate the remaining channels:

xa; xb = split (x)

(logs; t ) = WN (xa; Mel � spectogram)

xb
0 = s � xb + t

f � 1
coupling (x) = concat(xa; xb

0)

(3.7)

WN is a layers of dilated convolutions with gated-tanh nonlinearities, as well
as residual connections and skip connections. This WN architecture is similar to
the one present in WaveNet. In this way, the coupling layer allows to preservers
invertibility for the overall network. Now that we inverted the network we are able
to compute s and t starting from output xa, and then we can obtainxb using xb

0.
This W N architecture is similar to WaveNet, but the convolutions here have

3 taps and are not causal. The a�ne coupling layer is also included in the Mel-
spectrogram in order to condition the generated result on the input. The upsampled
Mel-spectrograms are added before the gated-tanh nonlinearities of each layer as in
WaveNet.

Figure 3.8: WaveGlow arhitecture.

1x1 Invertible Convolution

They were introduced because normally you would have many restrictions
without mixing information across channels, but with invertible convolutions, this
is no longer the case. The W weights of these convolutions are initialized to be
orthonormal and hence invertible. The log-determinant of the Jacobian of this
transformation joins the loss function due to the change of variables, and also serves
to keep these convolutions invertible as the network is trained.
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Early outputs

Rather than having all channels go through all the layers, a di�erent approach
was used, it consists to output 2 of the channels from the loss function after every 4
coupling layers. After passing all over the network, the �nal vector is concatenated
with the previous channel. Outputting some dimensions early makes it easier for the
network to add information at multiple time scales, and helps gradients propagate
to earlier layers, this is very similar to skip connections.

Inference

In order to compute the inference, we should randomly sample z values from
a Gaussian and running them through the network. During training was used
� =

p
0:5 and during inference, zs was sampled from a Gaussian with a standard

deviation of 0.6. Inverting the 1x1 convolutions is just a matter of inverting the
weight matrices. The inverse is guaranteed by the loss.
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3.5 Transformers

For RNN and LSTM networks data should be passed sequentially. We need
to have the input of the previous state to perform any operations in the current
state. They are not able to use all power of modern GPU`s which are designed to
make parallel computations. That is why RNN architecture is slow and LSTM even
slower due to its high complexity.

To deal with this problem, Transformer Architecture was introduced [18]. This
architecture also uses the encoder-decoder model as in RNN`s but its main feature
is that they take the whole sentence as input and perform operations in parallel
relying only on self-attention mechanisms. Self-attention, sometimes called intra-
attention is an attention mechanism relating di�erent positions of a single sequence
to compute a representation of the sequence. It means that we can extract some
context from a given embedding vector and see relations within this vector.

As most of the Text-To-Speech architectures that use Neural Networks, the
Transformers architecture has an encoder-decoder structure. The encoder maps an
input sequence of symbol representation to a sequence of continuous representation.
Given that sequence, the decoder generates an output sequence of symbols one
element at a time. It is autoregressive, which means that at each step the model
consumes the previously generated symbols as additional input when generating
the next one. The transformers use a stacked self-attention and point-wise, fully
connected layers for both encoder and decoder. The overall architecture of the TTS
model which based on transformers [19] is depicted in the Figure 3.9

Encoder

The encoder is composed of a stack of N = 6 identical layers and each layer
has two sub-layers. The �rst is the multi-head attention (see Section 3.2.2) mech-
anism and the second is a position-wise fully connected feed-forward network.
Residual connections are used around each of the two sub-layers followed by layer
normalization.

Decoder

The decoder is also composed of a stack of N = 6 identical layers. In addition
to the two sub-layers in each encoder layer, the decoder inserts a third sub-layer
which performs multi-head attention over the output of the encoder stack. The
masking ensures that the prediction can depend on the known outputs.

In addition to attention sub-layers, each of the layers in the encoder and
decoder contains a fully connected feed-forward network, which consists of two
linear transformations with a ReLU activation. A learned embedding is used to
convert the input tokens and output tokens to vectors.

Text to phoneme Converter

The neural networks are responsible to �nd regularities in the training process;
however, it is di�cult to learn all regularities. A rule-based system is implemented
and allows to �nd all the regularities and convert text-to-phoneme
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Encoder Pre-net

In Tacotron2 a 3-layer CNN is applied to the input text embeddings. In the
Transformers TTS architecture, the phoneme sequence is the input of the same
network called �encoder pre-net". Each phoneme has a trainable embedding of 512
dims, and the output of each convolution layer has 512 channels, followed by batch
normalization and ReLU activation, and a dropout layer as well. A �nal linear
projection is applied after the ReLU.

Decoder Pre-net

The Mel-spectrogram is �rst consumed by a neural network composed of two
fully connected layers with ReLU activation. Phonemes have trainable embeddings
thus their subspace is adaptive. The decoder �pre-net� is the one responsible for a
projection of the Mel-spectrogram into the same subspace as phoneme embeddings
to measure the similarity of <phoneme; mel� f rame >. An additional linear
projection is also added to the encoder pre-net to keep consistency and also to
obtain the same dimension as the triangle positional embeddings.

Mel Linear, Stop Linear and Post-net

It is the same technique as in Tacotron 2 in which we use two linear projections
to predict the Mel-spectrogram and the stop token. Then produce residuals using 5
layers CNN to re�ne reconstruction of the spectrogram. Also, positive weights were
imposed on the tail of the positive token as it was imbalanced due to hundreds of
negative frames before the stop token.

Figure 3.9: TTS transformers arhitecture.
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3.6 Discussion

Concerning spectrogram synthesis models, it is worth mentioning that Tacotron
2 and Transformers are not the only two models which we analyze during our
thesis work. For example, almost at the same time as Tacotron 2 was published,
DeepVoice 3 [14] was also introduced. However, in our opinion, even the demo
samples on their o�cial website having a robotic accent, which is incomparably
worse than Tacotron2 samples.

Transformers are one of the most trendy and powerful architectures nowadays
and they also have shown an excellent quality in terms of neutral speech synthesis.
Also, its big advantage is computation speed as it is six times faster for training
comparing to Tacotron 2. However, there is one point that has made our decision
about the baseline speech synthesis model.

The problem with transformers is that by the time of writing this word, there
was no strong evidence that they can handle expressive speech. In Seq2Seq models,
the idea of bringing emotions into speech is pretty straightforward which could not
be said about transformers with their high parallelization.

During inference time, after have trained the spectrogram generation model,
we did not choose a particular vocoder as a �nal one. As Wavenet and Waveglow
have their advantages and disadvantages and since we are in possession of both
pretrained versions we could use them without any problems depending on the
particular goal we wanted to achieve. To get the best quality we used WaveNet, and
to be faster in testing and be more productive in terms of speed we used WaveGlow.
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Datasets and Preprocessing

In this chapter, we will discuss the datasets and corpus used for the tested
models and our model EMOTRON. We will also talk about the preprocessing
operations carried out for each dataset. We will start by talking about the �rst
dataset we used and it is LJSpeech (see Section 4.1). This dataset is one of the
most used as it contains short audio clips of a single professional speaker and is easy
to �nd. It is also one of the most referenced datasets for TTS tasks with excellent
results.

Next, we will talk about the MELD 1 (see Section 4.2), After testing the �rst
dataset we were looking for an emotional dataset, this is because LJ Speech is a
very good dataset for the TTS task but it is not very emotional. this dataset was
created by taking phrases from the television seriesFriends. Later we searched for
other datasets, but in this case, we preferred to look for samples obtained from
audiobooks since the quality of the audio �le is higher. We found LibriTTS (see
Section 4.3), a speech corpus designed for Text-To-Speech use. It is derived from
the original audio and text materials of the LibriSpeech corpus.

Finally, we wanted to look for a dataset with the same characteristics as the
last one but that was only spoken by a single speaker. And that's how we found
the dataset used for the Blizzard Challenge 2013 (see Section 4.5). This dataset is
used in recent works in Text-To-Speech focuses on generating an expressive and
interesting speech. Another dataset we used was IEMOCAP (see Section 4.6).
this dataset is mostly used for emotion recognition, it was mainly used to test the
performance of our model for the part concerning the classi�cation of emotions.

1Multimodal EmotionLines Dataset
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4.1 LJ Speech

This is a public domain speech dataset [34] consisting of 13,100 short audio
clips of a single speaker reading passages from 7 non-�ction books. A transcription
is provided for each clip. Clips vary in length from 1 to 10 seconds and have a
total length of approximately 24 hours. The texts were published between 1884
and 1964, and are in the public domain. The audio was recorded in 2016-17 by the
LibriVox project and is also in the public domain.

File Format Metadata is provided in transcripts.csv. This �le consists of one
record per line, delimited by the pipe character (0x7c). The �elds are:

ˆ ID: this is the name of the corresponding .wav �le

ˆ Transcription: words spoken by the reader (UTF-8)

ˆ Normalized Transcription: transcription with numbers, ordinals, and monetary
units expanded into full words (UTF-8).

Following preprocessing were applying by the creator of the dataset:

ˆ The audio clips range in length from approximately 1 second to 10 seconds.
They were segmented automatically based on silences in the recording. Clip
boundaries generally align with sentence or clause boundaries, but not always.

ˆ The text was matched to the audio manually and a QA pass was done to
ensure that the text accurately matched the words spoken in the audio.

ˆ The original LibriVox recordings were distributed as 128 kbps MP3 �les. As
a result, they may contain artifacts introduced by the MP3 encoding.

ˆ abbreviations can appear in the text. An appropriate solution is to expand
them.

ˆ Each audio �le is a single-channel 16-bit WAV with a sample rate of 22050
Hz.
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4.2 MELD

In the paper [33] which introduce Multimodal EmotionLines Dataset(MELD)
dataset they extend and improved EmotionalLines dataset [25]. It includes textual
dialogues, visual and audio parts. Dataset has the following characteristics:

ˆ More than 13000 utterance

ˆ 13 hours of total audio

ˆ Emotion recognition baseline was established

ˆ Average duration of audio is 3.59 seconds

ˆ Seven emotions: anger, disgust, fear, joy, neutral, sadness, surprise

EmotionalLines dataset consists of dialogues from the sitcom Friends. Each
dialog contains utterances from multiple speakers. The �nal dataset contains 1000
dialogues.

The utterances in each dialogue were annotated with the most appropriate
emotion category by 5 workers from Amazon Mechanical Turk.

However, the utterances in the original EmotionLines were annotated by looking
only at the textual part. In the proposed paper, they re-annotate all the utterances
by asking the three annotators to also look at the available video clip of the
utterances. And then use majority voting to obtain the �nal label for each utterance.

In Figure 4.1 we can see more detailed statistics on emotional distribution
between characters. As we can notice for each character we have approximately 50
percent of neutral samples.

Figure 4.1: MELD statistics.
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The following preprocessing steps were applied to MELD dataset in order to
being able to train TTS model:

ˆ Dataset was reconverted in format:"audiopath, text of audio" in .csv extension.

ˆ Original dataset contained only video. Convertion to Wav format was per-
formed.

ˆ Number of channels were down-sampled to mono format.

ˆ Sampling rate was converted to 22050Hz
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4.3 LibriTTS

LibriTTS corpus is derived from the original materials of the LibriSpeech corpus
in audio book domain and is distributed under the same non-restrictive license.[26]

It has the following characteristics:

ˆ Audio�les has a 24Khz sampling rate. The raw samples which are less than
24KHz were excluded from the dataset.

ˆ The speech is split at sentence breaks; book-level texts are split into sentences
using Google's proprietary sentence splitting engine then the audio was split
at these sentence boundaries.

ˆ Original and normalized texts are included.

ˆ Utterances with big background noise are excluded

ˆ There are 586 hours of audio.

ˆ 2456 professional speakers used.

The data processing pipeline which was used for dataset generation consist of
several steps:

1. Text pre-processing: Book texts are split into paragraphs as a set of new-
lines. Paragraphs tokenized into sentences non-standard words are detected and
normalized.

2. Run ASR on audio data
3. Extract chapter-level text from the book-level text by matching the tran-

scription with the book-level text.
4. Align audio and text.
5. For the TTS train we down-sampled audio to be 22050 Hz each and converted

to mono channel.
Below in Table 4.1 there is the number of hours and the speakers obtained

following all the preprocessing operations. We can note that in the subset trains
the number of hours has decreased compared to the number marked in the name of
the subset.

Table 4.1: LibriTTS data subsets

Hours Female
speaker

Male
speaker

Total
Speaker

dev-clean 8.97 20 20 40
test-clean 8.56 19 20 39
train-clean-100 53.78 123 124 247
train-clean-360 191.29 430 474 904
train-other-500 310.08 560 6004 1160
total 572.38 1152 1238 2390
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4.4 SEMAINE

Semaine corpus derived from a large audiovisual database as part of an iterative
approach to building Sensitive Arti�cial Listener agents that can engage a person
in a sustained, emotionally coloured conversation [32].

ˆ The dataset features 150 participants.

ˆ The youngest participant was 22, the oldest 60, and the average age is 32.8
years old (std. 11.9).

ˆ Participants come from 8 di�erent countries

ˆ Typical session duration was about thirty minutes

The concept of recording this dataset was by recording chat between 'user' and
'operator', where operator should behave as one of theSAL2 characters.

SAL characters:

ˆ Poppy is a outgoing and optimistic female.

ˆ Obadiah is a gloomy and depressed man.

ˆ Prudence is a pragmatic and practical female.

ˆ Spike is an angry and argumentative man.

Three basic scenarios were used: First is when human operators play the roles of
the SAL characters; Semi-automatic SAL, where a human operator selects phrases
from a pre-de�ned list but the system speaks them; and Automatic SAL, where
an automated system chooses sentences and non-verbal signals. The overwhelming
majority took part in only one scenario. In this dataset there are seven basic
emotions: fear, anger, happiness, sadness, disgust, contempt and amusement.
Furthermore, most of the utterances presents laugh at the end and are included in
th aligned transcripts with the annotation <LAUGH>.

Each sessions are splits into di�erent subsessions. Non-standard words are
detected and normalized. The data processing pipeline which was used for dataset
generation consist of several steps:

1. Text pre-processing.

2. Getting the aligned text from datasets.

3. Align audio and text to splits into sentences.

4. Number of channels were down-sampled to mono format.

5. Sampling rate was converted to 22050Hz

2Sensitive Arti�cial Listener
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4.5 Blizzard

The Blizzard Challenge 2013 is a dataset of high-quality audiobooks which were
provided by The Voice Factory and Lessac Technologies. The data-set contains
unsegmented single-speaker audiobooks with a total duration of more than one
hundred hours read in a highly expressive manner by Catherine Byers. The book
present in this dataset are: Emma, Mans�eld Park, Persuasion, Pride and Prejudice,
Sense and Sensibility, The Emerald City of Oz, The Patchwork Girl of Oz, A Little
Princess, The Secret Garden, Through the Looking Glass, The Awakening, Silas
Marner, A Room with a View, Far from the Madding Crowd, The Scarlet Letter,
The Gift of the Magi, Daisy Miller, Washington Square, The Jungle Book, Carmilla,
Black Beauty, Treasure Island, Ethan Frome, Madame de Treymes, Summer.

There are several versions of the dataset to download but the two most useful
for our purpose are two:

ˆ Selected Version

ˆ Full Version

The �rst is a reduced version of the dataset and contains audio already selected
considered the best to be used for neural networks. These audio �les are obtained
from the di�erent books available listed above and the overall duration of the
dataset is approximately 35 hours.

The complete dataset, on the other hand, does not have audio �les already
divided into sentences but for each folder that represents a book there are audio
�les that include the entire chapter and its corresponding text divided by chapters.

Figure 4.2: Utternace lenght distribution.

For the reduced dataset, it was only necessary to create a �le that would combine
its path and transcription for each sentence, while for the complete dataset the
data processing pipeline which was used consist of several steps:

ˆ Change of transcripts of audiobooks replaced with the one on Project Guten-
berg site (some audio and transcripts do not match in the given dataset).

ˆ Getting alignment in order to split the chapter into utterances with Aeneas
forced aligner

ˆ splitting chapter into utterance with FFmpeg plugin
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ˆ prepare train and validation couple (path, transcripts)

ˆ discards audio less than 1 second and more than 14 seconds.

After this preprocessing step we obtained a subset of utterance lasting 120 hours
we can see the utterance duration distribution in Figure 4.2 and the comparison of
utterance length and segment duration in Figure 4.3

Figure 4.3: Utterance lenght vs segment duration.
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4.6 IEMOCAP

The �interactive emotional dyadic motion capture database� (IEMOCAP) [35],
is a database that was recorded from ten actors in dyadic sessions with markers
on the face, head, and hands, which provide detailed information about their
facial expression and hand movements during scripted and spontaneous spoken
communication scenarios, it was collected by the Speech Analysis and Interpretation
Laboratory (SAIL) at the University of Southern California (USC).

There are �ve sessions, each recorded session lasts approximately �ve minutes
and consists of two actors interacting with each other. It contains approximately
twelve hours of audio-visual data from �ve mixed-gender pairs of actors. Two acting
styles were used: the improvisation of scripts and the improvisation of hypothetical
scenarios. The dyadic sessions were manually segmented into utterances.The emo-
tional content of each utterance was annotated by human annotators in categorical
labels:

ˆ angry
ˆ happy
ˆ sad
ˆ neutral
ˆ frustrated
ˆ excited
ˆ fearful
ˆ surprised
ˆ disgusted
ˆ other

As the number of emotions is very high we had to restrict the number of emotions
by eliminating some of them or by combining similar emotions in a single label. The
�nal result obtained is composed of emotions: Neutral, frustrated, happy, angry,
sad. We also later removed noise through the SoX tool using known pro�les to
remove background noise and clean the audio.

Figure 4.4: Iemocap emotion distribution.





Chapter 5

Emotional Architecture Creation
Process

Before the beginning of the development process, there is a crucial need for
research in any type of �eld. In our thesis work, we have been sure that we want
to use DNN type of architecture for Text-To-Speech synthesis, however, even in
this small area of TTS, there are several novel approaches that we should take into
account when considering emotional module implementation.

The main goal of this chapter is to discuss and evaluate di�erent modules
capable of in�uencing expressive speech. Concerning GST module, we do not want
to repeat ourselves and will not include this section in the chapter and it is already
well described (see Section 3.2).

We will also not discuss our attempt of creating expressive speech with Trans-
formers as it completely failed for us. We believe that it for the reason that
Transformers are not Seq2Seq model and it is parallelizing a lot. This speeds up
the process of training but making all our approaches infeasible.
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5.1 Variational autoencoder

VAE 1 is already a well-known approach for emotion embedding which was
declared and used in several papers implementing TTS [9, 10]. We want to give a
quick overview of this module.

Autoencoders are an unsupervised learning technique in which we leverage neural
networks for the task of representation learning. Basically, it is a compression
technique where we map input data into a latent representation vector. The simple
structure can be seen in Figure 5.1

Figure 5.1: Autoencoder.

The problem with autoencoders is that they can not deal with inputs that the
encoder has never seen before because during the inference, latent space in which
they convert their inputs and where their encoded vectors lie, may not be continuous
or allow easy interpolation. To tackle this problem, the variational autoencoder
was created by adding a layer containing a mean and a standard deviation for each
hidden variable in the middle layer (Figure 5.2).

Instead of mapping input to a �xed vector, we map the input to distribution.
This solves an original issue but due to the stochasticity of distribution there is a
problem of running the backpropagation through the sampling node. To solve this
issue, the reparameterization trick is done from which the latent vector is derived.
Reparameterization trick is when we remove the stochasticity of nodes by changing
them into:

z = � + � � " (5.1)

Where z is continuous random latent variable. � and � are two trainable
parameters and the trick is that we are putting stochasticity into" which is always

1Variational Autoencoders
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going to be a standard Gaussian which will not cause any damage to the training
process.

Figure 5.2: Variational autoencoder.

In the Text-To-Speech pipeline we drop decoder part of VAE and the remaining
part behaves in the same way as GST and a latent vector is simply added to
the output text encoder state after which it is consumed by a location-sensitive
attention network of Tacotron 2.
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5.2 Hard prosody transfer

There have been many works on prosody transfer and expressive speech synthesis.
There are two main approaches:

ˆ Supervised training, it used labels that annotate the accent type or linguistic
description of the text.

ˆ Unsupervised training, since labeling is costly and the annotation can be
really subjective one way can be to decomposing the residual embedding
with style tokens and obtained somewhat disentangled control over prosody
attributes in an inductive manner.

Hard prosody transfer architecture has as a baseline the Tacotron 2 model. It
used a seq2seq approach and what we are going to do is to modify the network
with the same methodology used in GST. Speaker embedding has been introduced,
in this way, it is possible to have a multi-speaker model.

First of all, however, we need to introduce new concepts. The �rst one is
the Gradient Reversal Layer, the purpose of this layer is to leaves the input
unchanged during forward propagation and reverses the gradient by multiplying it
by a negative scalar during the backpropagation. Gradient reversal layer between
prosody embedding and speaker classi�er is adopted to solve the problem where
certain speaker always speaks in a certain style.

In the �rst part, as shown in Figure 5.3, we have a prosody encoder. As input, we
have the mel-spectrogram and the internal structure is composed of an autoencoder,
style token, and multi-head attention. It would seem identical to GST but the result
obtained is fed to the gradient reversal layer, later this value is fed into a speaker
classi�er to obtain a speaker embedding. The result is concatenated with the text
encoder and sent to the decoder, precisely in the Location-sensitive Attention.

Figure 5.3: Hard prosody encoder.

The other di�erence that concerns the decoder input is that we no longer have
mel-spectogram as input but we also have pitch contour, obtained from F0. The
mel-spectrogram going through the mel-prenet, while F0 goes through a single
convolution layer followed by a ReLU non-linearity. The two results are then
concatenated.

The fact of being a multi-speaker TTS is the big advantage of this network, this
particular would help to use di�erent types of datasets and to train with more data.
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5.3 Mel-spectogram converter

We have always in�uenced the text using an embedding of the emotion that has
been passed to the decoder with the encoding of the text. An alternative method we
thought was to have a di�erent pipeline. In this new architecture, we use Tacotron2
as a baseline to obtain a mel-spectrogram and then we apply a conversion to the
mel-spectrogram in the desired emotion. Here in the Figure 5.4 we can see the new
pipeline.

Figure 5.4: Mel converter pipeline.

As we can see we insert the Emotion Converter between Tacotron 2 and the
Vocoder. As far as the generation of the waveform is concerned, one of the vocoders
(see Section 3.3 and see Section 3.4) already explained in previous chapter can be
used.

Emotional converter transforms Mel-spectrograms from neutral style to di�erent
emotion styles. we extract Mel-spectrograms from both neutral voice and di�erent
emotional voice and useDTW 2 (more information in appendix A) to align them.
Then, the aligned Mel-spectrograms are used as input to a neural network (Converter
Network) composed of 3 causal convolutional blocks.

The training process is shown in the Figure 5.5.

Figure 5.5: Train of emotion converter.

A parallel emotion dataset is needed to train the network. We used TESS [36]
and RAVDESS [37] datasets.

2Dinamic time warping
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5.4 Classi�cation of emotions

After the various experiments carried out previously, we have decided to change
our approach. The idea is to combine the Tacotron 2 model with an emotion classi�er.
First of all, we need to describe how this classi�er works. We take inspiration from
[39] where the goal was to use pure audio data considering Mel-frequency cepstral
coe�cients.

The model of classi�cation of emotions here proposed is based on a deep learning
strategy base on convolutional neural networks (CNN) and dense layers. The main
idea is to consider Mel-frequency cepstral coe�cients, commonly referred to as the
�spectrum of a spectrum�, as the only feature to train the model. Notice that MFCC
is a di�erent interpretation of the Mel-frequency cepstrum (MFC 3), and it has been
demonstrated to be the state of the art of sound formalization in automatic speech
recognition tasks. For each audio �le, 40 features have been extracted. The feature
has been generated by converting each audio �le to a �oating-point time series.
Then, an MFCC sequence has been created from the time series.

The network designed for the classi�cation task is depicted in Figure 5.6.

Figure 5.6: Audio feature extraction pipeline.

The network takes as input a vector of 40 features for each audio �le. Conse-
quently, we perform one round of 1D CNN with ReLu activation function, dropout
of 0.2, and a max-pooling function 2x2. Following this, we have applied another
1D CNN, dropout and then �atten the output to make it compatible with the next
layers. Finally, we applied one Dense layer with a softmax activation function,
varying the output size to the number of emotion to classify and estimating the
probability distribution of each of the classes properly encoded.

In order to combine Tacotron 2 with this model we have changed a part of the
described network. We have introduced a dense inter-layer between last Flatten and
Dense layer. This layer is used as compressed representation of audio feature which
in combination with text encoder outputs should be able to generate expressive
speech.

3Mel-frequency cepstrum
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5.5 Discussion

Variational Autoencoder

We manually inspected the results of its inference in comparison with also
well-known GST architecture and we have decided to use Tacotron 2+GST as a
baseline model because, in the model which we have trained, the quality of speech
and expressiveness was slightly worse than in the GST module. We are not declaring
here superiority of Global Style Tokens, allowing that there could have been an
option that with a di�erent set of hyperparameters, reference audios, or longer train
time the results could have been better for VAE.

Hard prosody transfer

The reason we did not choose this network is due to its inherent characteristic. It
is a non-parallel prosody transfer which means that the input that will be generated
during the inference will have a similar pitch to the reference audio. It would be
impossible to generalize the emotional speech since we will have to test the reference
audio with a given emotion and check the correctness.

Mel-spectrogram converter

We didn't get decent results when testing this network, this is due to the size of
the datasets used that weren't big enough. Unfortunately, this architecture can only
be used with a parallel emotional dataset making it impossible to test it further.

Classi�cation of emotions

We trained using this module and the results were not satisfactory for us. We
believed that there might be several reasons for this. In the current approach,
we are using only MFCC features which might be not su�cient to represent the
expressiveness of speech. The other reason might be the poorly designed neural
architecture that we have used for latent vector representation. However, we were
inspired by this idea and we decided to continue working in this direction and we
used this approach as a base for our �nal model EMOTRON.





Chapter 6

EMOTRON

We have been inspired by the emotional classi�cation idea and decided to move
in this direction. We have combined ideas from the emotional classi�er with the
GST implementation reference encoder, which we will discuss later in this chapter.

We decided to use Tacotron 2 (see Section 3.1) as a baseline model for comparison
quality of the �nal speech. As we have been working with expressive speech, this
baseline is suitable only for speech quality comparison and concerning expressiveness
baseline module, so we implemented the GST module (see Section 3.2). While
using Tacotron 2 as a baseline, we change several details in implementation details.
For example, we started using adaptive learning rates and gradient accumulation.
Also during development, we have tried training it using GRU modules instead of
LSTM, however, it did not bring many improvements.

Our proposed model is an alternative way to GST and seeks to improve some
aspects of it. For example, the GST model uses a multi-head attention model which
decides how to extract features from the reference audio. However, it might be
worth trying to use a more deterministic approach. In EMOTRON we decided
to use two classi�cation modules which will learn to predict emotion of reference
audio Mel-spectrogram and predicted Mel-spectrogram in encoder and decoder
respectively.
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6.1 Architecture

EMOTRON is a reference-based emotion speech synthesis approach based on the
Tacotron 2 architecture. We used the same idea of GST in the way how it intersects
with the Tacotron 2 pipeline. We have extended Tacotron 2 by introducing an
Emotional Matcher which is a classical emotion classi�er as we can deduce from
the Figure 6.1.

Using this module we can learn the emotion embedding space. This result is
used to condition Tacotron2 during learning by concatenating the result obtained
from the Tacotron 2 encoder with the emotional matcher. Furthermore, the Mel-
Spectrogram obtained from the decoder is inserted into another emotional matcher.
This step is done to learn even better the ability to distinguish di�erent emotions.
Through the outputs obtained from the two matchers (respectively that of the
reference Mel-spectrogram and that produced), we are able to calculate the style
loss.

To obtain the style loss we have referred to the paper in which the style is
transferred through convolutional networks. We adapted this idea by replacing the
images with Mel-Spectrograms.

Figure 6.1: EMOTRON proposed model.
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Baseline speech synthesis model

During the research and implementation of EMOTRON, several attempts were
made. Modi�cations have also been made and tested on Tacotron 2 as it is the
basic structure. As already mentioned above, the model uses encoders and decoders
with an attention mechanism and we will go into a little more detail. The �rst
step, which is applied before the encoder, is that of transforming the input text
into a format that can be read by the encoder, this operation is the so-called word
embedding, they are a set of modeling techniques in which words or phrases from a
vocabulary are mapped into vectors of real numbers. With these operations the
result will be a space consisting of one dimension per word is transformed into a
continuous vector space of a much smaller dimension. We used the layer o�ered
by the framework used and we create an embedding layer where the Tensor is
initialised randomly. only in train process the similarity between similar words
should appear.

Character input is passed through 256-dimensional embedding to the encoder
network. It initially passes through 3 CNNs and �nally, in an LSTM, we tried to use
a GRU instead of the LSTM without an improvement in performance and results.
The result of this embedding text (dimension 256) is combined with that of the
emotion classi�er which will be discussed speci�cally in the following paragraphs.
This result is passed to the location-sensitive attention network, its purpose is to
summarize the output of the encoder and the emotion classi�er at each step of the
decoder output.

The role of the decoder is to learn how to predict Mel-spectrogram from the
encoder + emotional embedding context. a pre-net network is used to improve
attention learning using the prediction of the previous step. the embedding context
is concatenated with the result of the pre-net network and passed through 2 LSTM.
Finally, we use the post-net network made up of 5 CNNs for a better reconstruction.

Emotional strenght

In the next section, we are going to discuss in detail the architecture of our
expressive module including Emotional capturer and style loss. It worth mentioning
that in implemented EMOTRON during the inference time there is the possibility
of controlling emotional strength in a manual manner. This is done by multiply
the weights of latent vector of features , extracted from reference audio, by a scalar
value. The mentioned weights are the output retrieved from the emotional network.
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6.2 Emotional modules

In this section, we will speak about two essential components of EMOTRON
architecture which responsible for in�uencing neutral speech synthesis with expres-
siveness. These components are classi�cation network and style loss.

6.2.1 Classi�cation Networks

Emotional capturer architecture

The general idea of the proposed architecture is to take a mel spectrogram
which can be extracted either from input audio or from predicted by the decoder,
where this mel spectrogram is represented as a multidimensional tensor and extract
emotional state via classi�cation network.

The Emotional capturer architecture block is depicted in Figure 6.3 and it is
worth mentioning that this architecture is applied on both encoder and decoder
part of the overall system. We will elaborate this architecture in details in following
chapters.

Reference encoder

The reference encoder is consists of a convolutional stack, followed by an RNN
which is adopted from GST architecture [4, 5] and can be seen on Figure 6.2.

Figure 6.2: Reference encoder.

It takes as input a mel spectrogram, which is, in the beginning, passed to a set
of six 2-D convolutional layers with 3Ö3 kernel, 2Ö2 stride, batch normalization,
and ReLU activation function. Output channels with sizes 32, 32, 64, 64, 128, and
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128 were chosen for the 6 convolutional layers. Then the generated output tensor is
shaped into 3 dimensions and passed to a single-layer 128-unit unidirectional GRU.

In more detail, the architecture downsampling the reference signal 64 times in
both dimensions, the feature size and the 128 channels of the �nal convolution. The
expanded layer serves as the internal size of the resulting matrix, which is used to
compress the length sequence generated by the CNN layer into a single �xed-length
vector. The RNN used is a single 128-width gated recurrent unit (GRU) layer.

We use the �nal 128 dimensions output of the GRU as input for a fully connected
layer which instead serves as a summary of the whole original sequence.

Emotional matcher

An emotional matcher is a classi�cation neural network which can be seen in
Figure 6.3 and we attached it right after the reference encoder. Its task is to
learn more discriminative emotion embedding which in turn will be able to better
way distinguish di�erent emotion categories. It consists of three fully connected
layers, where the �rst layer has 128 units and the two following have 256 units. We
applying Leaky ReLu and Dropout for the �rst two fully connected layers.

The reason for the choice of Leaky Relu was the dying neuron problem: after
training the model with classical Relu, during the inference, we have got almost all
the weights equal to zero. Then we used the Softmax layer to distinguish between
di�erent emotions. The bottleneck of this approach is the labeling of emotions in
the train data that will be discussed in next chapter.

Figure 6.3: Emotional capturer architecture.
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6.2.2 Classi�cation Networks + Style Loss

The last module which was implemented in this architecture is style loss. Orig-
inally it was used in the computer vision �eld for stylization task[20] example
of which can be seen in Figure 6.4 and one of the losses in this task is style re-
construction loss. It was used for penalizing di�erences in styles like colors and
shapes. The style reconstruction loss is then the squared Frobenius norm of the
di�erence between the Gram matrices of the output and target images. The style
reconstruction loss is well-de�ned even when target and source have di�erent sizes
since their Gram matrices will both have the same shape.

Figure 6.4: Image stylization.

Lucky for us, style loss was adapted for the TTS stylization task[3]. The gram
matrix computes patch-level appearance statistics, such as texture, in a location-
invariant manner. It is normal to expect that a gram matrix of feature maps
calculated from a mel-spectrogram captures local statistics of an audio signal in
the frequency-time domain, representing low-level characteristics of sound, e.g.
loudness, stress, speed, pitch, etc.

In order to compute Style loss in our architecture, we need to have two repre-
sentations of mel spectrograms: the ground truth and the predicted one. The �rst
one can be extracted from the latent vector of the input data (result of emotional
module) and for the second one we need to use an additional structure in the decoder.
This structure is repeating encoder classi�cation: mel-spectrogram predicted by
the decoder is passed through the reference encoder and after through emotional
matcher.

To be more exact, we are not using mel-spectrograms per se, but we are using
their encoded and compressed representations which we are getting when running
through a reference encoder and two fully connected layers. Latent vectors which
we received from the output of second fully connected layers of encoder and decoder
are representing feature maps and they will be used for computing gram matrix for
style loss.
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Formulas for calculations are shown below.

G(y) = V T V

G(ypred ) = X T X

lstyle (ypred ; y ) = k G(ypred) � G(y) k2

(6.1)

Where V and X are the feature maps of the mel-spectrograms from the reference
and the synthesized audio samples, respectively. We compute the gram matricesG(y)
and G(ypred) as the inner-product of vectorized feature maps V and X, respectively.
The Gram matrix captures a feature distribution from the set of feature maps. Our
style losslstyle is then the L2 distance betweenG(y) and G(ypred).

During development of this model we have encountered di�erent datasets and
for each of this datset we were trying to train the model with di�erent hyperparam-
eters and slightly di�erent versions of architecture. The last and the best set of
hyperparameters can be found in Appendix A.





Chapter 7

EMOTRON: Training Process
Details

In this chapter, we will discuss the datasets and corpus used during our work
and we will give details for the implementation of our model. We will also talk
about the preprocessing operations carried out for each dataset. This chapter is
mainly divided into two parts. In the �rst, we will talk about the speech generation
task We will start by talking about the �rst dataset we used and it is LJSpeech
(see Section 7.1.1). This dataset is one of the most used as it contains short audio
clips of a single professional speaker and is easy to �nd. It is also one of the most
referenced datasets for TTS tasks with excellent results.

We then moved on to a dataset that also focuses on emotions. We found and
used the MELD dataset (see Section 7.1.2). After some preprocessing and testing
phases, we moved on to a dataset used speci�cally for the training of TTS systems,
namely LibriTTS (see Section 7.1.3).

Finally, after using these multi-speaker datasets we noticed that the model
cannot correctly distinguish the di�erent types of speakers and we looked for a
single speaker dataset. We found and tested the Blizzard dataset (see Section
7.1.4), which contains a collection of audiobooks recorded by one person in a very
expressive way. We will show the graphs and information related to the training
including training and validation error, Mel-Spectrogram, and alignment for each
dataset.

In the second part, we will talk about the task of the classi�cation of emotions
(see Section 7.2). We will also talk about the techniques applied to obtain the labels
that we fed to the network that classi�es emotions. Finally, We will see the results
obtained in terms of accuracy and confusion matrix with the di�erent datasets.
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