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6 Scope and Contributions

1.1 Introduction & Motivations

Text-To-Speech (TTS) synthesis systems, which synthesize speech from text,
have been around for decades and have improved recently with the advent of
new machine learning techniques such as Deep Neural Network (DNN). Com-
panies such as Google and Amazon provide free DNN-based speech synthesis
systems such as WaveNet1 [71] or Amazon Polly.2 These systems offer an ex-
cellent quality of speech obtained by analyzing tens of hours of neutral speech.
However, the generated voices often fail to convey the emotional contents in-
tended by the original speaker.

The objective of the present work is to produce remarkable voices, similar
to those of professional actors, possessing a specific grain and a great ca-
pacity for expressiveness. This will make it possible to create virtual agents
communicating in a more natural way, and thus to improve the efficiency of
human-machine interaction.

To synthesize expressive speech, there is a need to control voice characteristics
(aka features) to be able to modify intonation, rhythm, etc. The speech syn-
thesis system has to give an access to control parameters that have an impact
on voice characteristics of synthetic speech.

In the literature, there are three major approaches to synthesize speech [10]:

• a concatenation of pieces of recorded speech signal from a dataset;

• a modeling of how speech is mechanically produced;

• a statistical parametric model that is optimized by imitating the proba-
bility distributions of the dataset.

Depending on the synthesis technique, the generated voices will be more or
less natural and the system may provide to the user more or less control on ex-
pressiveness in the produced speech. Speech naturalness is defined as speech
output that sounds normal or natural to the listener [75, 84]. Synthesizers

1https://cloud.google.com/text-to-speech/
2https://aws.amazon.com/fr/polly/

https://cloud.google.com/text-to-speech/
https://aws.amazon.com/fr/polly/
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based on concatenation can produce highly natural speech, but they provide
little expressiveness control to the user, as the produced speech is strictly
driven by the dataset used by the synthesizer. While modeling speech produc-
tion offers control on many acoustic features, the resulting voice is unnatural.
Indeed, modeling the phenomenon of speech production in a deterministic
approach is done with many simplifying assumptions. Statistical approaches
have been proven to allow a natural synthesis as well as a great flexibility, and
therefore a potential to control many voice characteristics [123].

The most recent statistical approach uses DNN [122] and is the basis of
new speech synthesis systems such as WaveNet [71] and Tacotron [111]. For
that reason, in this work, the emphasis was placed on statistical parametric
synthesis as the TTS system. There have been numerous studies to assess
DNN-based systems ability to synthesize speech with high quality and nat-
uralness such as Wavenet [71], Tacotron [111], Deep Convolutional Text-to-
Speech (DCTTS) [93], WaveRNN [46], Char2Wav [91] and Deep Voice [3].
However, a major drawback of these approaches is the necessary large amount
of speech data and high computational complexity. DCTTS needs less com-
putational resources than the others. In [93], the authors explain that they
were able to train a TTS model in 15 hours using a regular computer with
two Graphical Processing Units (GPUs), resulting in nearly acceptable speech
synthesis.

A closer look at the literature on producing speech of high quality and flexibil-
ity in terms of emotional content, however, reveals other difficulties. Access to
a large amount of data remains a problem. The recording of high quality emo-
tional speech datasets is expensive and time consuming. The amount of data
available is therefore relatively limited compared to the needs of deep learn-
ing algorithms. This problem has previously been addressed using promising
methods related to knowledge transfer such as transfer learning [74], fine-
tuning [6] and multitask learning [78, 16].

Concerning the controllable aspect of TTS system, an important issue is the
labelization of speech data with style or emotional information. Recent studies
were conducted with unsupervised learning techniques to achieve controllable
speech synthesis without the need of labels [1, 43, 40, 112, 90]. In [90], the
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authors investigated such extension to the Tacotron speech synthesis system.
The technique they propose is a system that learns an internal representation
of information called latent space by encoding audio features into a vector
that is concatenated with text information and then fed to Tacotron. These
latent vectors model the remaining variability of speech after accounting for
variation due to phonetics, speaker identity, and channel effects.

These works have provided evidence that building a latent space can lead to
variables useful to control style in speech synthesis. In [43], the authors demon-
strate that their system can synthesize spectrograms with different rhythms,
speaking rates and fundamental frequencies from a single text, proving a con-
trol on these features.

A weakness of these studies is that they do not provide insights about the
relationships between the resulting latent space and the audio features possible
to control. We aim to fill this gap.

1.2 Contributions

As just discussed, to synthesize expressive speech, the main problem is the
variability of the vocal expression of emotions. Deep Learning has been effec-
tive at handling complex data but requires a large amount of annotated data.
The difficulty is then to annotate large databases with expressive metadata.

The goal of this work was to create an automatic system for annotating large
expressive vocal databases, and synthesizing expressive speech. Our work plan,
depicted in Figure 1.1 contains 4 main tasks:

• review and collect neutral and emotional speech data that is necessary
for the other tasks;

• study the possibility to extract a representation of emotional expressive-
ness in speech with a Deep Learning architecture;

• build a system able to synthesize expressive speech based on the data
collected, first based on specific styles, with an application to laughter;
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• controlling an expressive speech synthesis system with a representation
of emotional expressiveness, this information can come from labels or be
extracted from a Deep Learning architecture.

Extracting expressiveness information

Synthesizing speech with expressive components

Controlling the expressiveness

Figure 1.1. Plan of thesis contributions

This system was then integrated into a speech synthesis instrument from which
it is possible to play an utterance as wished.

The original contributions of this thesis are as follows:

• To extract an emotion representation from speech, we present systems
able to extract such a representation with supervised and unsupervised
techniques. We also provide a way to visualize the trends of audio features
in a latent space.

• Our contribution to answering the need for large quantity of data of Deep
Learning algorithms is a review of existing datasets and the collection of
EmoV-DB that will allow us to experiment on emotional TTS.

• For the synthesis itself, we study the impact of transfer learning from
neutral TTS to emotional TTS and demonstrated the benefit of this
technique.
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• We propose an application of this transfer learning technique on Audio
Laughter Synthesis.

• We give a brief analysis of the perception of speech by means of a simple
method of continuous control of style in speech synthesis.

• We propose a methodology to build a system for speech synthesis that is
able to control freely the expressiveness of speech via visualization and
interpretation of a learned latent space. We evaluate its performance
with two kinds of styled speech datasets: the first one has classes of style
different from each other, the second has more continuous variations of
diverse expressive speech.

• We present an integration of the system in an interface to have a user-
friendly tool to generate speech with an access to the different controls
(text and expressiveness representation).

• We propose a perceptual experiment for assessing the controllability of
a Controllable Expressive TTS model with an adaptation of the inter-
face. This experiment studies if a user is able to find a sample with an
expressiveness similar to a reference inside the 2D interface.

1.3 Organization of the Dissertation

• Chapter 2 presents the theoretical notions that the reader should un-
derstand about expressive speech processing and associated paradigms
in digital signal processing, machine learning systems and psychological
models of emotion expressiveness.

• Chapter 3 describes existing expressive datasets and their different char-
acteristics and present EmoV-DB, a dataset recorded in collaboration
with Northeastern University containing emotional speech of several cat-
egories and several speakers.

• In Chapter 4, an analysis of emotional content in speech using a Deep
Learning based Automatic Speech Recognition system as feature extrac-
tor is presented.

• Chapter 5 presents a study on the efficiency of domain adaptation from
neutral speech synthesis to emotional speech synthesis.
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• Chapter 6 is an application of the method proposed in Chapter 5 to Audio
Laughter synthesis, i.e., a domain adaptation from speech synthesis to
laughter synthesis.

• Chapter 7 describes an analysis of style interpolation in the context of
styled speech synthesis with specific categories. In this study, we evaluate
the ability of a Deep Learning (DL) TTS system to interpolate between
neutral speech and styled speech without having labels of intermediate
styles.

• In Chapter 8, we compare different latent spaces aiming at represent-
ing vocal expressiveness of a dataset containing different categories of
styles. An acoustic analysis is performed to study the relationship be-
tween the designed latent spaces and style categories of the voice. An
extended analysis of one of the systems is then performed in the context of
continuous variations of expressiveness from a speech dataset containing
recordings of various and expressive audiobooks. The synthesis abilities
of the system are also assessed.

• Finally, Chapter 9 shows a proof of concept of a controllable expres-
sive speech synthesis system based on the research results described in
previous chapters, and presents a perceptual experiment assessing the
controllability of such a system. More specifically, this experiment stud-
ies if a user is able to find a sample with an expressiveness similar to a
reference inside the 2D interface.
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14 Theoretical background

As part of the Human-Computer Interaction field, Expressive speech synthe-
sis is a very rich domain as it requires knowledge in areas such as machine
learning, signal processing, sociology, psychology.

In this chapter, we will focus mostly on the technical side. From the record-
ing of expressive speech to its modeling, the reader will have an overview of
the main paradigms used in this field, through some of the most prominent
systems and methods.

We explain how speech can be represented and encoded with audio features.
We present a history of the main methods of Text-to-Speech synthesis: Con-
catenative, Speech Production Modeling and Statistical Parametric Speech
Synthesis. Finally, we focus on the last one, with the last techniques modeling
Text-to-Speech synthesis as a sequence-to-sequence problem. This enables the
use of Deep Learning blocks such as Convolutional and Recurrent Neural Net-
works as well as Attention Mechanism. The last part of the chapter intends
to assemble the different aspects of the theory and summarize the concepts.

2.1 Introduction

Controllable Expressive Speech Synthesis is the task of generating expressive
speech from a text with control on prosodic features. This task is positioned
in the emerging field of Affective Computing and more particularly at the
intersection of three disciplines:

• Expressive speech analysis (Section 2.2), which provides mathematical
tools to extract useful characteristics from speech depending on the task
to be performed. Speech is seen as a signal, such as images, text, videos
or any kind of information coming from any source. As such, it can be
characterized by a time series of features.

• Expressive speech modeling (Section 2.3), modeling human emotions and
their impact on the speech signal. Speech is considered here as a means
of communication between humans.
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• Expressive speech synthesis (Section 2.4), which consists in generating
expressive speech from text and for which machine learning tools have
become ubiquitous, especially Hidden Markov Models (HMMs) and more
recently DNNs. The field of Machine Learning allows machines to learn
how to solve a given task. This field borrows from an ensemble of sta-
tistical models used for representation or transformation data. It also
uses concepts from Information Theory to measure distances between
probability distributions.

2.2 Expressive Speech Analysis

2.2.1 Digital Signal Processing

A signal is a variation of a physical quantity carrying information. The acous-
tic speech signal is converted into an electrical signal by a microphone. An
acoustic signal is a variation of pressure in a fluid that the human perceives
through the sense of hearing. This signal is mono-dimensional because it can
be represented by a scalar function that expresses pressure depending time.

The electrical signal generated by the microphone is an analog signal. In
order to process it with a digital machine, it must be digitized. This is done
by electronic systems called analog-to-digital converters that discretize time
and quantize the pressure signal to convert it into a digital signal. After
some processing of the digitized signal, a digital-to-analog converter can be
used to convert the processed digital signal back into an analog signal. This
analog electrical signal can then be converted into an acoustic signal though
loudspeakers or earphones to make it available to human ears. These steps
are represented in Figure 2.1.

Digital signal processing [21] is the set of theories and techniques for analyz-
ing, synthesizing, quantifying, classifying, predicting, or recognizing signals,
using digital systems.

A digital system receives as input a sequence of quantized samples {x(0), x(1), x(2), ...},
noted as {x(n)}, and produces as output a sequence of samples {x(n)} after
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Figure 2.1. Digital signal processing for acoustic signals. The acoustic signal is
converted into an electric signal by means of a microphone. This signal
is then sampled and quantized to produce a digital signal. This digital
signal can then be processed by a computer. In the end, to listen to
the resulting signal, it has to be converted back to an analog signal and
played via a loudspeaker.

application of a series of algebraic operations.

A digital filter is a linear and invariant digital system. Let us consider a digital
system that receives the sample sequences {x1(n)} or {x2(n)} as input. This
system will produce the sample sequences {y1(n)} for the input {x1(n)} and
{y2(n)} for the input {x2(n)}. This system is linear if it produces the output
{αy1(n) + βy2(n)} when it receives the sequence {αx1(n) + βx2(n)} as input.
A digital system is said to be invariant if shifting the input sequence by n0
samples also shifts the output sequence by n0 samples.

These linear and invariant digital systems can be described by equations of
the type:

y(n) + a1y(n− 1) + a2y(n− 2) + ...+ aNy(n−N) =

b0x(n) + b1x(n− 1) + ...+ bMx(n−M)
(2.1)



Theoretical background 17

or

y(n) +
N∑
i=1

aiy(n− i) =
M∑
i=0

bix(n− i) (2.2)

Put differently, the output y(n) is a linear combination of the last N outputs,
the input x(n), and the M previous inputs. A digital filter is therefore deter-
mined if the coefficients ai and bi are known. A filter is called non-recursive
if only the inputs are used to compute y(n). If at least one of the previous
output samples is used, it is called a recursive filter.

2.2.2 Speech Features

Speech is a signal carrying a lot of information. These expand from the se-
quence of words used to create a sentence, to the tone of voice used to utter
this sentence. Depending on the task, it is often needed to select the useful
part of the information and discard the rest. Also, the speech can carry noise
before reception. That’s why an important step in speech analysis is to extract
descriptors or features that are relevant to the task of interest.

There exist many different feature spaces that describe speech information. In
this section, we give an intuitive explanation of the ones widely used in Deep
Learning architectures.

Power spectral density and spectrogram

Fourier analysis demonstrates that any physical signal can be decomposed
into a sum of sinusoids of different frequencies. The power spectral density
of a signal describes the amount of power carried by the different frequency
bands of this signal. This range of frequencies may be a discrete value set or
a continuous frequency spectrum. In the field of digital signal processing, this
power spectral density can be calculated by the Fast Fourier Transform (FFT)
algorithm.
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The graph of the power spectral density allows the visualization of the fre-
quency characteristics of a signal such as the fundamental frequency of a peri-
odic signal and its harmonics. A periodic signal is a repetition of a sequence of
samples of a given length called period, noted T0. The number of periods per
unit of time that repeats is the fundamental frequency, i.e., F0 = 1

T0
. Harmon-

ics are the multiple frequencies of the fundamental. These frequencies have an
important power density and present therefore extrema in the power spectral
density.

Figure 2.2. Spectrum (top) and spectrogram (bottom) of a speech segment. The
spectrum is the Fourier transform of a frame of a signal that in this
case comes from speech. It represents the magnitude of sine waves
that compose the signal. The spectrogram is obtained by concatenating
spectrums of frames across time in a matrix. It is represented as a heat
map in which the color corresponds to the magnitude.
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An example of power spectral density is shown in the upper part of Figure 2.2.
The first maximum is at the fundamental frequency which is 145.5 Hz. The
other maxima are the harmonics.

When the signal’s characteristics are evolving over time, as with the voice sig-
nal, the spectrogram can be used to visualize this evolution. The spectrogram
represents the power spectral density over the time. An example of power
spectrogram is shown in the lower part of Figure 2.2. The x-axis is time and
the y-axis is frequency. The colors correspond to the power density. A color
scale is given on the right of the graph. The spectrogram is thus constructed
by juxtaposing power spectral density functions computed on every frame as
suggested in Figure 2.2.

Mel-Spectrogram

The Mel-Spectrogram is a reduced version of the spectrogram. The use of this
feature is very widespread for machine learning-based systems in general and
for Deep learning-based TTS in particular.

The intuition behind this feature is to compress the representation of the
speech in the higher values of the frequency domain based on the fact that
the human ear is sensitive to some frequencies more than others. The mel
scale is an experimental function representing the sensitivity of the human ear
depending on the frequency.

The conversion of frequency f in mel-frequency m is:

m = 2595 · log10

(
1 +

f

700

)
(2.3)

Figure 2.3 shows the curve of the mel scale as a function of the frequency. As
one can observe, an interval of low frequencies is mapped to a larger interval
of mel values than for high frequencies. As an example, the interval [0, 2000]
Hz is mapped to more than 1500 mel while the interval [8000, 10000] Hz is
mapped to less than 300 mel.
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Figure 2.3. Mel scale representing the perception of frequencies of an acoustic signal
by a human ear.

2.3 Modeling of Emotion Expressiveness

Emotion modeling is one of the main challenges in developing more natural
human-machine interfaces. Among the many previously proposed approaches,
those based on Ekman’s model [22] or on Russels’ model [86] are most widely
used in applications. A first representation is Ekman’s six basic emotions
model [22] which identifies anger, disgust, fear, happiness, sadness and sur-
prise as six basic categories of emotions from which the other emotions may
be derived.

Emotions can also be represented in a multidimensional continuous space like
in the Russels circumplex model [86] (see Figure 2.41) . This model makes it
possible to better reflect the complexity and the variations in the expressions,
unlike the category system. The two most commonly used dimensions in the
literature are arousal, corresponding to the level of excitation and valence, cor-

1https://commons.wikimedia.org/wiki/File:Valence-Arousal_Circumplex.jpg -
imagine-it.org/CC-BY-3.0

https://commons.wikimedia.org/wiki/File:Valence-Arousal_Circumplex.jpg
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responding to the pleasantness level or positiveness of the emotion. A third
dimension is sometimes added: dominance corresponding to the level of power
of the speaker relative to the listener.

Figure 2.4. Russel’s Circumplex of Affect. A psychological model of how emotions
are organised. This model assumes that emotions can be localized in
a space of two dimensions named Valence corresponding to a degree of
pleasantness and Arousal corresponding to a degree of activation.

Another way of representing emotions is based on ranking with a relative pref-
erence method to annotate emotions rather than labeling them with absolute
values [117]. The argument for this method is that humans are not reliable
for assigning absolute values to subjective concepts. However they are better
at discriminating between elements shown to them. Therefore, the design of
perception tasks, e.g., about emotion or style in speech, should take this into
account by asking participants to solve comparison tasks rather than rating
tasks.
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It is important to note that many other approaches exist [5] and it is a difficult
question to know what approach should be used in applications in the field
of Human-Computer Interaction. Indeed these psychological models of affect
are propositions of explanations of how emotions are expressed. But these
propositions are difficult to assess in practice.

Humans express their emotions via various channels: face, gesture, speech,
etc. Different people will express and perceive emotions differently depending
on their personality, their culture and many other aspects. For developing
applications, one has therefore to take assumptions to reduce its scope and
choose one approach of emotion modeling.

In this chapter we are interested in how the expressive speech synthesized will
be perceived. It is therefore reasonable to begin by choosing a language and
assuming the origin of the synthesized voice.

Research has recently evolved into systems using, without preprocessing, the
signal or spectrogram of the signal as input: the neural network learns the
features that best correspond to the task it is supposed to perform on its own.
This principle has been successfully applied to the modeling of emotions, cur-
rently constituting the state of the art in speech emotion recognition [63, 105].

2.4 Expressive Speech Synthesis

2.4.1 A brief History of Speech Synthesis Techniques and How to
Control Expressiveness

The goal behind a speech synthesis system is to generate an audio speech signal
corresponding to any input text. A sentence is constituted of characters and
a human knows how these characters should be pronounced. Indeed, a human
knowing the rules of the language knows what sequence of phonemes (aka
phones) he has to utter to read a sentence aloud. If we want a machine to be
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able to generate speech signal from text, we have to teach it, or program it to
do the same.

Such systems have been developed for decades and many different approaches
have been used. Here we summarize them in three categories: Concatenation,
Source-Filter modeling and Statistical Parametric Speech Synthesis.2

Concatenation

This approach is based on the concatenation of pieces of audio signals corre-
sponding to different phonemes. This method is segmented in several steps.
First, the characters should be converted in the corresponding phonemes to be
pronounced. A simplistic approach is to assume that one letter corresponds
to one phoneme for example [31]. Then the computer must know what signal
corresponds to a phoneme. A possibility to solve this problem is to record a
database containing all the existing phonemes in a given language.

However concatenating phones one after another leads to very unnatural tran-
sitions between them. In the literature, this problem was tackled by recording
successions of two phonemes, called diphones, instead of phones [21]. All com-
binations of diphones are recorded in a dataset. The generation of speech is
then performed by concatenation of these diphones.

In this approach, many assumptions are not met in practice. First, a text pro-
cessing has to be performed, indeed, text consists of punctuation, numbers,
abbreviations, etc. Moreover, the letter to sound relationship, assuming that
one letter corresponds to one sound, is not respected in English and in many
other languages. The pronunciation of words often depends on the context.
Also, concatenating phones leads to a chopped signal and prosody of the gen-
erated signal is unnatural.

To have a control on expressiveness with diphone concatenation techniques,
it is possible to change Fundamental Frequency (F0) and duration with signal

2However the state of the art is more diverse and complex. It contains many variants and
hybrid approaches between them.
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processing techniques implying some distortion on the signal. It is difficult to
control other speech features without altering the signal leading to unnatural
speech.

Another approach that is also based on the concatenation of pieces of signal
is Unit Selection. Instead of concatenating phones (or diphones), larger parts
of words are concatenated. An algorithm has to select the best units accord-
ing to criteria: few discontinuities in the generated speech signal, a consistent
prosody, etc.

For this purpose, a much larger dataset must be recorded containing a large
variety of different combinations of phone series. The machine must know
what part of signal corresponds to what phoneme, which means it has to be
annotated by hand accurately. This annotation process is time consuming.
Today there exist tools to do this task automatically. But this automation
can in fact be done at the same time as synthesis as we will see later.

The advantages of this method is that the signal is less altered and most of
the transitions between phones are natural because they are coming as is from
the dataset.

With this method, a possibility to synthesize emotional speech is to record a
dataset with separate categories of emotion. In synthesis, only units coming
from a category will be used [87]. The drawback is that it is limited to discrete
categories without any continuous control.

Speech production modeling

Anatomically, the speech signal is generated by an excitation signal generated
in the larynx. This excitation signal is transformed by resonance through the
vocal tract (guttural, oral and nasal cavities) which acts as a filter. If this ex-
citation signal is generated by glottal pulses, then a voiced sound is obtained.
Glottal pulses are generated by a series of openings and closures of vocal cords
or vocal folds. The vibration of the vocal cords has a fundamental frequency.
As opposed to voiced sounds, when the excitation signal is a simple flow of
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exhaled air, it is an unvoiced sound.

The source-filter model is a way to represent speech production which uses the
idea of separating the excitation and the resonance phenomenon in the vocal
tract. It assumes that these two phenomena are completely decoupled. The
source corresponds to the glottal excitation and the filter corresponds to the
vocal tract. This principle is illustrated in Figure 2.53.

Figure 2.5. Diagram describing voice production mechanism and source-filter
model. The larynx is the source of vibrations in the air and the vo-
cal tract acts like a filter varying along time to give the speech signal.

An example of Source-Filter modeling is the linear prediction model. The
Linear Prediction (LP) model [39] uses this Source-Filter theory assuming
that the speech is the output signal of a recursive digital filter, when an exci-
tation is received at the input. In other words, it is assumed that each sample
can be predicted by a linear combination of the last p samples. The linear
predictive coding works by estimating the coefficients of this digital filter rep-
resenting the vocal tract. The number of coefficients to represent the vocal
tract has to be chosen. The more coefficients we take, the better the vocal
tract is represented, but the more complex the analysis will be. The excitation
signal can then be computed by applying the inverse filter on the speech signal.

3Vocal tract image from: https://en.wikipedia.org/wiki/User:Tavin#/media/File:

VocalTract.svg - Tavin/CC-BY-3.0

https://en.wikipedia.org/wiki/User:Tavin##/media/File:VocalTract.svg
https://en.wikipedia.org/wiki/User:Tavin##/media/File:VocalTract.svg
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In synthesis, this excitation signal is modeled by a train of pulses for voiced
sounds and white noise for unvoiced sounds. In reality, the mechanics of the
vocal folds are more complex, making this assumption too simplistic. There
exist other source-filter models that take less simplistic assumptions, with a
more complex excitation signal mixing deterministic and stochastic compo-
nents [20, 32].

The vocal tract is a variable filter. Depending on the shape we give to this
vocal tract, we are able to produce different sounds. A filter is considered
constant for a short period of time and a different filter has to be computed
for each period of time.

This approach has been successful to synthesize intelligible speech but not
natural human sounding speech. For expressive speech synthesis, this tech-
nique has the advantage of giving access to many control parameters of speech.

The approach used in [12] to discover how to control a set of acoustic fea-
tures to obtain a desired emotion was done through perception tests. A set
of sentences were synthesized with different values of these features. These
sentences were then used in listening tests in which participants were asked to
answer questions about the emotion they perceived. Based on these results,
values of the different features were associated with the emotion expressions.

Statistical Parametric Speech Synthesis

Statistical Parametric Speech Synthesis (SPSS) is less based on knowledge,
and more based on data. We take less simplistic assumptions on the speech
generation and rely more on the statistics of data to explain how to generate
speech from text.

The idea is to teach a machine the probability distributions of signal values
depending on the text that is given. We generally assume that generating
the values that are most likely is a good choice. We thus use the Maximum
Likelihood principle (see Section 2.4.4).
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These probability distributions are estimated based on a speech dataset. To be
a good estimation of the reality, this dataset must be large enough. The first
successful SPSS systems were based on HMMs and Gaussian Mixture Mod-
els (GMMs). The most recent statistical approach uses DNN [122] which is the
basis of new speech synthesis systems such as WaveNet [71] and Tacotron [111].
The improvement provided by this technique [114] comes from the replacement
of decision trees by DNNs and the replacement of state prediction (HMM) by
frame prediction.

In the rest of this chapter, we focus on this approach of Speech Synthesis.
Section 2.4.2 details the different modules of the typical pipeline of SPSS.
Section 2.4.3 explains Deep Learning focusing on Speech Synthesis application
and Section 2.4.4 presents concepts of information theory and probabilities
important for speech processing.

2.4.2 Typical pipeline of Statistical Parametric Speech Synthesis

In this section, we detail the main building blocks of SPSS approach briefly
described in Section 2.4.1. As depicted in Figure 2.6, this pipeline can be
segmented in three main parts: a text processing front-end, an acoustic model
and a vocoder.

Statistical Parametric
modelLinguistic

features
extraction

VocoderHello world !

Figure 2.6. Pipeline of a typical SPSS composed of three blocks. The first block
receives text in input and rules of the language are applied to extract
linguistic information such as phonemes. The second block is the acous-
tic model, it predicts acoustic features from linguistic information. The
last block generates the waveform from acoustic features.

Text processing The role of this block is to extract linguistic features from
text. This block typically has to apply the rules of the language to extract
the right phonemes depending on the context, converting numbers to letters,
handle punctuation and many details and exceptions that exist.
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In recent TTS systems using DL architectures, raw characters are often used
as linguistic features as these statistical models showed to be able to handle
more complex relationships.

Acoustic Modeling This part is responsible for mapping text information
to acoustic features. The problem is formulated as a regression problem in
which we wish to find a function able to map inputs to outputs. The inputs
are linguistic features extracted by the first block, and the outputs are acous-
tic features from which it is possible to reconstruct speech waveform with a
vocoder.

Vocoder The vocoder is typically a signal processing module that synthesizes
the waveform signal from a set of acoustic features. Many vocoders actually
use the source-filter theory described in Section 2.4.1. A standard vocoder is
WORLD [68], that decomposes the speech waveform in F0, spectral envelope
and aperiodicity information. A vocoder is capable of waveform reconstruction
from these features.

Another approach is to use magnitude spectrogram as an acoustic feature set
and use a phase estimation algorithm, e.g., Griffin-Lim phase estimation algo-
rithm [38] and reconstruct the waveform signal with inverse Fourier Transform.

Finally, last approaches of the literature rely on DNN to replace this signal
processing block by a statistical model that predicts waveform samples from
speech features, e.g., Wavenet [71], WaveRNN [46] or MelGAN [54].

2.4.3 Deep Learning for Speech Synthesis

Machine Learning consists of teaching a machine to perform a specific task,
using data. In this chapter, the task we are interested in is Controllable Ex-
pressive Speech Synthesis. The mathematical tools for this come from the field
of Statistical Modeling.

Deep Learning is based on the optimization of a mathematical model which
is a parametric function. This model is optimized or trained by comparing its
predictions to ground truth examples taken from a dataset. This comparison
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is based on a measure of similarity or error between a prediction and the true
example of the dataset. The goal is then to minimize the error or maximize
the similarity. This can always be formulated as the minimization of a loss
function.

To find a good loss function, it is necessary to understand the statistics of the
data we want to predict and how to compare them. For this, concepts from
information theory are used.

Different operations and Architectures

The form of the mathematical function used to process the signal can be con-
stituted of lots of different operations. Some of these operations were found
very performant in different fields and are widely used. In this section, we
describe some operations relevant for speech synthesis. In Deep Learning, the
ensemble of the operations applied to a signal to have a prediction is called
Architecture. There is an important research interest in designing architec-
tures for different tasks and data to process. This research reports empirical
results comparing the performance of different combinations. The progress of
this field is directly related to the computation power available on the market.

Historically, the root of Deep Learning is a model called Neural Network. This
model was inspired by the role of neurons in the brain that communicate with
electrical impulses and process information. Since that, more recent models
drove away from this analogy and evolved depending on their actual perfor-
mance.

Fully connected neural networks Fully connected neural networks are suc-
cessions of linear projections followed by non-linearities (sigmoid, hyperbolic
tangent, etc.) called layers.

h = fh(Whx+ bh) (2.4)
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x: input vector

h: hidden layer vector

Wh and bh: parameter matrices and vector of layer h

fh: Activation function of layer h

�1 �2

�2�

Figure 2.7. Diagram of fully connected network equation.

More layers implies more model parameters and thus a more complex model.
It also means more intermediate representations and transformation steps. It
was shown that deeper Neural Networks (more layers) performed better than
shallow ones (fewer layers). This observation led to the names DNNs and Deep
Learning. A complex model is capable of modeling a complex task but is also
more costly to optimize in terms of computation power and data.

Convolutional neural network Convolutional Neural Network (CNN) [58,
36] refers to the operation of convolution and reminds the convolution filters
of signal processing (see Equation 2.5). A convolution layer can thus be seen
as a convolutional filter for which the coefficients were obtained by training
the Deep Learning architecture.
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g(x, y) = ω ∗ f(x, y) =

a∑
s=−a

b∑
t=−b

ω(s, t)f(x− s, y − t) (2.5)

f : input matrix

g: output matrix

ω: convolutional filter weights

Convolutional filters were studied in the field of image processing. We know
what filters to apply to detect edges, to blur an image, etc. In practice, the
operation implemented is often a correlation which is the same operation ex-
cept that the filter is not flipped. Given that the model filter parameters are
optimized during training, the flipping part is useless. We can just consider
that the filter optimized with a correlation implementation is just the flipped
version of the one that would have been computed if convolution was imple-
mented.

For speech synthesis, convolutional layers have been used to extract a rep-
resentation of linguistic features and predict spectral speech features. For
temporal signals such as speech, one dimensional convolution along the time
axis models well time dependencies. As layers are stacked, the receptive field
increases proportionally. In speech, there are long-term dependencies in the
signal, e.g., in the intonation and emphasis of some words. To model these
long-term dependencies, dilated convolution [71] was proposed. It allows an
increase of the receptive field exponentially instead of proportionally with the
number of layers.

Recurrent Neural Network Recurrent Neural Network (RNN) [36] involves
a recursive behaviour, i.e., having an information feedback from the output to
the input. The principle is illustrated in Figure 2.8 and is analogous to recur-
sive filters. Recursive filters are filters designed for temporal signals because
they are able to model causal dependencies. It means that at a given time t,
the value depends on the past values of the signal.
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Figure 2.8. Diagram of RNN equations.

ht = fh(Whxt + Uhht−1 + bh) (2.6)

yt = fy(Wyht + by) (2.7)

xt: input vector

ht: hidden layer vector

yt: output vector

Wh, Uh and bh: parameter matrices and vector of layer h

fh and fy: Activation function of layer h and output layer, respectively

Encoder and Decoder An encoder is a part of a neural network that outputs
a hidden representation (or latent representation) from an input. A decoder
is a part of a neural network that retrieves an output from a latent represen-
tation.



Theoretical background 33

When the input and the output is the same, we talk about auto-encoders. The
task in itself is useless, but the interesting part here is the latent representation.
The latent space of an auto-encoder can provide interesting properties such
as a lower dimensionality, meaning a compressed representation of the initial
data or meaningful distances between examples.

Sequence-to-sequence modeling and Attention Mechanism A sequence-to-
sequence task is about converting sequential data from one domain to another,
e.g., from a language to another (translation), from speech to text (speech
recognition) or from text to speech (speech synthesis).

First Deep Learning architectures for solving sequence-to-sequence tasks were
based on encoder-decoder with RNNs called RNN transducers. Other tech-
niques were found to outperform this. The use of Attention Mechanism was
found beneficial [81]. Attention Mechanism was first developed in the field of
computer vision. It was then successfully applied to ASR and then to TTS.

In the Deep Learning architecture, a matrix is computed and used as weight-
ing on the hidden representation at a given layer. The weighted representation
is fed to the rest of the architecture until the end. This means that the ma-
trix is asked to emphasize the part of the signal that is important to reduce
the loss. This matrix is called the Attention matrix because it represents the
importance of the different regions of the data.

In computer vision, a good illustration of this mechanism is that for a task of
classification of objects, the attention matrix has high weights for the region
corresponding to the object and low weights corresponding to the background
of the image.

In ASR, this mechanism has been used in a so-called Listen, Attend, and
Spell (LAS) [17] setup. An important difference compared to the previous
case is the sequential nature of the problem. There must be an information
feedback to have a recursive kind of architecture and each time step must be
computed based on previous time steps.
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LAS designates three parts of the Deep Learning architecture. The first one
encodes audio features in a hidden representation. The role of the last one
is to generate text information from a hidden representation. Between this
encoder and decoder, at each time step, an Attention Mechanism computes a
vector that will weight the text encoding vector. This weighting vector should
give importance to the part of the utterance that the architecture should pay
attention to in order to generate the corresponding part of speech.

Figure 2.9. Alignment plot. The y-axis represents the text character indices and
the x-axis represents the audio frame feature indices. The color scale
corresponds to the weight given to a given character to predict a given
audio frame. The path shows which character is important to focus on
at each time step of the audio features.

An Attention plot (see Figure 2.9) of a generated sentence can be constructed
by juxtaposing all the weighting vectors computed during the generation of a
sentence. The resulting matrix can then be represented by mapping a color
scale on the values contained.

This attention plot shows an attention path, i.e., the importance given to text
characters along the audio output timeline. As it can be observed in Fig-
ure 2.9, this attention path should have a close to diagonal shape. Indeed the
two sequences have a close chronological relationship.
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Transfer Learning, Domain Adaptation and Fine-Tuning As previously ex-
plained, Deep Learning allows a machine to perform a specific task, using
data. For this purpose, a model is trained by comparing its predictions to
ground truth examples taken from a dataset. A major drawback of DL is the
need for large quantities of data, expensive and/or difficult to collect, and the
computational complexity of training models from scratch.

A useful paradigm that tackles this drawback is that of transfer learning or
domain adaptation [74, 118, 95], where the knowledge learned for one task is
exploited to improve performance on another task.

Transfer Learning can be achieved by a broad varieties of techniques to im-
prove the performance of Machine Learning algorithms in general [74, 115],
but more specifically for Deep Learning, due to this need of data. In [95], they
identify different families of deep transfer learning techniques.

Among all these techniques, a technique for transfer learning, called fine-
tuning, consists of continuing the training process of the parameters of a model
pre-trained on a related task. The number of parameter layers that are fine-
tuned can vary depending on the extent to which the task are related.

There are many other ways to do transfer learning. In the field of speech syn-
thesis, an example is [45] in which they train a system on the task of speaker
identification and use it to extract a representation of speaker voice charac-
teristics in multi-speaker speech synthesis system.

Evolution of State-of-the-art Deep Learning-based TTS

Merlin toolkit There are more and more DL-based TTS systems developed.
Merlin [116] toolkit has been an important tool to investigate the use of DNNs
for speech synthesis. The first models developed within Merlin were based only
on Fully connected neural networks. One DNN was used to predict acoustic
features and another one to predict phone durations. It was a first successful
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attempt that outperformed other statistical approaches at the time.

In [114], authors study the components of these DNN approaches that are
responsible of the improvement over HMM-based TTS. They conclude that
the switch from decision-tree to DNN regression, and the change from state-
to frame-level targets for the regression are responsible for the greatest per-
ceptual gains.

However a major limit of fully-connected DNNs is that they are not designed to
model timed data, and therefore ignore the auto-regressive nature of speech
signals. More recent architectures, including CNN and RNN such as Long
Short Term Memory (LSTM) have therefore been proposed. Merlin toolkit
allowed to study early stage sequence-to-sequence models with an encoder-
decoder setup.

Waveform synthesis models A different approach to speech synthesis has
emerged a few years ago. It consists of generating directly the audio waveform
from linguistic features with a DL model using the auto-regressive nature of
audio signals. From the pipeline presented in Figure 2.6, this model takes the
role of acoustic model and vocoder at the same time.

Wavenet [71] is a stack of Gated Convolutional Units (GCUs). As stated
in [71] its equation is:

~z = tanh (Wf,k ∗ ~x)� σ (Wg,k ∗ ~x) , (2.8)

where ∗ denotes a convolution operator, � denotes an element-wise multipli-
cation operator, σ(·) is a sigmoid function, k is the layer index, f and g denote
filter and gate, respectively, and W is a learnable convolution filter.

WaveRNN [46] is another autoregressive model based on a single-layer RNN
that matches the performance of Wavenet while being more computationally
efficient.
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Figure 2.10. Overview of the residual block and the entire architecture, from [71].

These models can also be used as vocoder by using a mel-spectrogram as input
instead of linguistic features. This allows to combine them with a different
acoustic model, e.g., Sequence-to-sequence models.

Other approaches, such as Parallel Wavenet [72] and MelGAN [54], remove
the autoregressive nature making them more viable solutions, since they are
much more efficient at the time of inference. Parallel Wavenet distills a trained
autoregressive Wavenet model into a flow-based convolutional student model.
The student is trained using a probability distillation objective based on the
Kulback-Leibler divergence (see equation 2.13). MelGAN, however, is a non-
autoregressive model that does not need distillation of an autoregressive model.
It uses a GAN setup and a fully convolutional architecture.

Sequence-to-sequence-based TTS Sequence-to-sequence modeling, presented
earlier in this section, has been successfully applied to TTS. It is used with an
attention mechanism that allows to improve the alignment of text and audio
information, previously handled by Dynamic Time Warping (DTW), HMMs
or duration model with DNNs.
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Embedding table

Figure 2.11. Block diagram of a typical DL-based TTS system.

Figure 2.11 represents a typical seq2seq TTS system. First the characters of
the text are encoded in embedding vectors thanks to an embedding table. An
embedding table is a table that associates a vector to an entry, i.e., a character
in this case. The content of these vectors are parameters of the models such as
the weight and biases of the networks. These are thus fine-tuned during train-
ing of the architecture. The text sentence is thus represented as a sequence of
embedding vectors stored in a matrix. This matrix is then passed through an
encoder called TextEnc. An Attention-based decoder is then used to predict
a mel-spectrogram from this representation of text.

The Attention-based decoder is implemented as a causal process, i.e., it pre-
dicts a mel-spectrogram frame based on the alignment of text information and
only past mel-spectrogram frames. This attention matrix is used as a weight-
ing applied on the text representation at the output of TextEnc. The result
is then passed through MelDec that predicts mel-spectrogram frames.

DCTTS Most recent TTS systems, such as Wavenet [71], Tacotron [111],
WaveRNN [46], Char2Wav [91] and Deep Voice [3], achieve excellent results in
terms of naturalness. However they require tens of hours of speech data and
a lot of computational power. A first system that aims to synthesize speech
with few computational power is DCTTS [93]. This system is only based on
CNNs and avoids using RNNs known to be difficult to train due to the van-
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ishing gradient issue during gradient descent [41]. In their experiments, the
authors of DCTTS were able to train their model in 15 hours using a stan-
dard computer with two GPUs, resulting in nearly acceptable speech synthesis.

They perform a MOS test to compare DCTTS model to the open source ver-
sion of Tacotron4 and obtain respectively 2.61 ± 0.62 and 2.07 ± 0.62. It is
important to note that both methods use a Griffin-Lim algorithm as a Vocoder
which gives lower MOS than recent neural vocoders [54].

As most of the experiments rely on DCTTS, the details of the different blocks
are given in Figure 2.12. We use the notations introduced in [93] in which the
reader can find more details if needed:

• 1D convolution: Co←ik?δ (X), where i is the sizes of input channel, o is the
sizes of output channel, k is the size of kernel, δ is the dilation factor,
and an argument X is a tensor having three dimensions (batch, channel,
temporal). The stride is 1.

• 1D deconvolution: layer as Do←ik?δ (X). The stride is 2.

• Layer composition operator: · / ·, and

• Networks : F / ReLU / G(X) := F(ReLU(G(X))), and (F / G)2(X) :=
F / G / F / G(X), etc.

• ReLU is an element-wise activation function defined by ReLU(x) = max(x, 0).

• Highway Network-like gated activation, Highway(X; L) = σ(H1) �H2 +
(1− σ(H1))�X,

where H1, H2 are output by a layer L as [H1, H2] = L(X). The operator
� is the element-wise multiplication

HCd←dk?δ (X) := Highway(X;C2d←d
k?δ ).

4https://github.com/keithito/tacotron

https://github.com/keithito/tacotron
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(K,V ) = TextEnc(L) := (HC2d←2d
1?1 )2 / (HC2d←2d

3?1 )2 / (HC2d←2d
3?27 / HC2d←2d

3?9 / HC2d←2d
3?3 /

HC2d←2d
3?1 )2 / C2d←2d

1?1 / ReLU / C2d←e
1?1 / CharEmbede−dim(L).

Q = MelEnc(S) := (HCd←d3?3 )2 / (HCd←d3?27 /HC
d←d
3?9 /HCd←d3?3 /HCd←d3?1 )2 /Cd←d1?1 /ReLU /Cd←d1?1 /

ReLU / Cd←F1?1 (S).

A = softmaxn−axis(K
TQ/

√
d) R = Att(Q,K, V ) := V A R′ = [R,Q]

Y = MelDec(R′) := σ / CF←d1?1 / (ReLU / Cd←d1?1 )3 / (HCd←d3?1 )2 / (HCd←d3?27 / HC
d←d
3?9 / HCd←d3?3 /

HCd←d3?1 ) / Cd←2d
1?1 (R′).

SSRN(Y ) := σ/CF
′←F ′

1?1 /(ReLU/CF
′←F ′

1?1 )2 /CF
′←2c

1?1 /(HC2c←2c
3?1 )2 /C2c←c

1?1 /(HCc←c3?3 /HC
c←c
3?1 /

Dc←c2?1 )2 / (HCc←c3?3 / HCc←c3?1 ) / Cc←F1?1 (Y ).

Figure 2.12. Details of DCTTS architecture [93]

2.4.4 Information Theory and Speech Probability distributions

The previous section described different operations of Deep Learning archi-
tectures to construct models for TTS. These models have to be trained by
minimizing a loss function between predictions of the model and examples
from the dataset. These loss functions are based on concepts coming from the
field of Information Theory.

Information Theory is about optimizing how to send messages with as few
resources as possible. To that end, the goal is to compress the information by
using the right code so that the messages do not contain redundancies to be
as small as possible.

Information and probabilities

Shannon’s Information Theory [62] quantifies information thanks to the prob-
ability of outcomes. If we know an event will occur, its occurrence gives no
information. The less likely it is to happen, the more it gives information.
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This relationship between information and probability of an event is given by
Shannon information content measured in bits. A bit is a variable that can
have two different values: 0 or 1.

h(x) = log2

(
1

p(x)

)
(2.9)

The number of possible messages with L bits is 2L. If all messages are
equally probable, the probability of each message is p = 1

2L
. We then have

L = log2

(
1
p

)
. A generalization of this formula in which the messages are not

equally probable is Equation 2.9. It can be interpreted as the minimal number
of bits to communicate this message.

The probability represents the degree of belief that an event will happen [62].
For example, we can wonder the probability of a result of four by rolling a six
sided die or the probability that the next letter in a text will be a r.

These probabilities depend on the assumptions we make:

• Is the die perfectly balanced? If yes, the probability of a result of four is
1/6.

• What is the language of the text ? Do we know the subject, etc. De-
pending on this information we can have different estimations of this
probability.

We obtain a probability distribution by listing the probability of all the pos-
sible outcomes. For the example of the result by rolling the perfectly bal-
anced die, the possible outcomes are [1, 2, 3, 4, 5, 6] and their probabilities are
[1/6, 1/6, 1/6, 1/6, 1/6, 1/6].

In both examples, we have a finite number of possible outcomes. The proba-
bility distribution is said to be discrete. On the contrary, when the possible
outcomes are distributed on a continuous interval, then the probability distri-
bution is said to be continuous. This is the case, for example, of amplitude
values in a spectrogram.
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Figure 2.13. Example of widely used probability distributions. In blue: Gaussian
distribution with µ = 0 and σ = 0.5. In Red: Laplacian distribution
with µ = 0 and b = 0.5.

The most famous continuous probability distribution is the Gaussian distri-
bution:

p(x) =
1

σ
√

2π
e−

1
2(x−µσ )

2

(2.10)

Another important distribution, especially in speech processing is Laplacian
distribution:

p(x) =
1

2b
e

(
− |x−µ|

b

)
(2.11)

Both distributions are plotted in Figure 2.13. The blue curve corresponds to
the Gaussian probability distribution (with µ = 0 and σ = 0.5) and the red
curve corresponds to the Laplacian probability distribution (with µ = 0 and
b = 0.5). For both distributions, the maximum is the mean µ. They are
symmetrically decreasing as the distance from µ increases.
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Entropy and relative-entropy

The average information content of an outcome, also called entropy, of the
probability distribution p is:

H(p) =
∑
x

p(x) log2

(
1

p(x)

)
(2.12)

The relative-entropy between two probability distributions, also called Kullback-
Leibler divergence is defined as:

DKL(p|q) =
∑
x

p(x) log
p(x)

q(x)
dx (2.13)

It represents a dissimilarity between two probability distributions.

Maximum likelihood and particular cases

This concept is necessary to understand how to train a Deep Learning algo-
rithm or more generally, how to find the optimal model parameters. The role
of a statistical model is to represent as accurately as possible the behaviour of
a probability distribution.

Maximum Likelihood Estimation (MLE) (see Equation 2.14) allows the esti-
mation of the parameters θ of a statistical parametric model p(x|θ) by maxi-
mizing the probability of a dataset under the assumed statistical model, i.e.,
the Deep Learning architecture.

θMLE = arg max p(x|θ) (2.14)

It can be demonstrated this is equivalent to minimizing DKL(p|q) with p, the
probability distribution of the model and q, the probability of the data [36].
It is a way to express that the probability distribution generated by the model
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should be as close as possible to the probability distribution of the data.

If assumptions can be made on the probability distributions, it is possible
to have distances or errors for which the minimization is equivalent to MLE.
These errors are computed by comparing estimations from the model Ŷi and
the value from the dataset Yi.

Maximizing likelihood assuming a Gaussian distribution is equivalent to min-
imizing Mean Squared Error (MSE):

MSE =
1

n

n∑
i=1

(Yi − Ŷi)2 (2.15)

Maximizing likelihood assuming a Laplacian distribution is equivalent to min-
imizing Mean Absolute Error (MAE):

MAE =
1

n

n∑
i=1

∣∣∣Yi − Ŷi∣∣∣ (2.16)

To choose the right criterium to optimize when working with speech data, one
should pay attention to speech probability distributions. Speech waveforms
and magnitude spectrogram distribution are Laplacian [35, 108]. That is why
MAE loss should be used to optimize their predictions.

2.5 Summary and Application

In this chapter, we first briefly introduced digital signal processing and digi-
tal filtering, and described the different possibilities of emotion representation
and the few most important speech feature spaces in this context, namely
spectrogram and mel-spectrogram.
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Available speech synthesis methods were then exposed: concatenation of speech
signal segments, modeling of speech production and statistical parametric
speech synthesis. Depending on the synthesis technique used [10], the voice
is more or less natural and the control parameters are more or less numerous.
These parameters allow the creation of variations in the acoustic features of
the voice. The number of parameters is therefore important for the synthesis
of expressive speech. While Source-Filter-based speech synthesis gives access
to many control parameters, the resulting voice is unnatural. Synthesizers us-
ing the principle of concatenation of speech segments seem more natural but
allow the control of few acoustic features. The statistical approaches lead to
a natural synthesis as well as a control of many acoustic features [123].

Most recent SPSS systems use Deep Learning that can be seen as non-linear
signal processing for which filters are optimized based on data. We focused on
the tools for SPSS and explained Deep Learning architecture blocks that are
used along with the right loss functions based on the probability distributions
of speech features.

To build a controllable expressive speech synthesis system, one should keep
several concepts in mind. First, it is necessary to gather data and process them
to have a good representation to be used with a Deep Learning algorithm, i.e.,
text, mel-spectrograms, and information about the expressiveness of speech.
Then one has to design a Deep Learning architecture. Its operations should
be inspired by the features to model (1D convolution or RNN cells for long
term context, attention mechanism for recursive relationships). It should have
a way to control expressiveness either with a categorical representation or a
continuous representation. And finally, the model should be trained with a
loss function adapted to the probability distribution of the acoustic features,
i.e., MAE and Kullback-Leibler divergence loss.
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This chapter is part of the first of the 4 main tasks of the thesis work plan
described in Section 1.2, i.e., review and collect neutral and emotional speech
data that is necessary for the other tasks.

We review the datasets of emotional speech publicly available and their us-
ability for state of the art speech synthesis. This is conditioned by several
characteristics of these datasets: the quality of the recordings, the quantity of
the data and the emotional content contained in the data. The description of
these datasets is essential for the rest of the thesis.

We then present a dataset, named EmoV-DB, that was recorded based on the
observation of the needs in this area. It contains data for male and female
actors in English and a male actor in French. The database covers 5 emotion
classes so it could be suitable to build synthesis and voice transformation sys-
tems with the potential to control the emotional dimension.

A voice conversion experiment is conducted on EmoV-DB. The aim is to show
that the quality of the recordings is sufficient for applications in the field of
voice generation with emotions.

3.1 Introduction

One of the major components of human-agent interaction systems is the speech
synthesis module. The state-of-the-art speech synthesis systems such as wavenet
and tacotron [71, 111, 89] are giving impressive results. They can produce,
intelligible, expressive, even human-like speech. But, they cannot yet be used
to control the emotional dimensionality in speech which is a crucial aspect in
order to obtain a human-like controllable speech synthesis system.

Although still being relatively neglected by the affective computing commu-
nity, the interest for emotional speech synthesis systems has been growing for
the past two decades. After the improvement parametric systems brought to
this field [26], deep learning-based systems were also employed for such a task.
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One of the problems in the emotional speech synthesis research community is
the lack of open-source data available and the difficulty to collect them. In
fact, to the best of our knowledge, no open-source emotional speech database
for synthesis purpose and suitable for deep learning systems is available. In
this chapter, we try to tackle this problem. We present an open-source multi-
speaker (5 different speakers) and multilingual (in North American English
and Belgian French) database of emotional speech. The database contains
enough data of good quality to train deep learning-based systems for speech
control and generation applications. We thus propose an emotional speech
dataset version of the CMU-Arctic speech database [51] which has been one of
the reference open-source databases for speech synthesis since the early 2000.

In what follows we will present the background introducing this work in Sec-
tion 3.2. We will then detail the motivation for data collection Section 3.3 and
detail the content of our database in Section 3.3.1. In order to validate our
database we will use it in a voice transformation experiment. Indeed the data
will be used to transform neutral to emotional voice using deep learning-based
systems and the obtained results will be evaluated using a Comparative Mean
Opinion Score test in Section 3.3.2.

3.2 Background

3.2.1 Open-source recorded datasets

Several open-source databases can be found but to the best of our knowledge,
none is really suitable for a purpose of emotional speech synthesis. In this
section we will explain why and mention some examples.

The RAVDESS database contains emotional data from 24 different actors [60].
The actors were asked to read 2 different sentences in a spoken and sung way
in North American English. The spoken style was recorded in 8 different emo-
tional styles: neutral, calm, happy, sad, angry, fearful, disgust, surprise. Each
utterance was expressed at 2 different intensities (except for the neutral emo-
tion) and 2 times thus giving a total of 1440 files. A perception test was then
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undertaken to validate the database on the emotional categories, intensity and
genuineness.

The CREMA-D database [15] is similar to the RAVDESS. For this database,
12 different sentences were recorded by 91 different actors, for the 6 basic
emotions: happy, sad, anger, fear, disgust, and neutral. Only one of the 12
sentences was expressed in 3 different intensities, for the other 11, the inten-
sity was not specified. The authors report 7442 files in total. This database
was also validated through perception tests and helped validate the emotion
category and intensity.

Also similar to the previous ones, the GEMEP database [4] is a collection of
10 French-speaking actors, recorded uttering 15 different emotional expres-
sions at three levels of intensity, in three different ways: improvised sentences,
pseudo-speech, and nonverbal affect bursts. This database counts a total of
1260 audio files. It was also validated through perception tests.

The Berlin Emotional Speech Dataset [11] contains the recording of 10 differ-
ent utterances by 10 different actors in 7 different emotions (neutral, anger,
fear, joy, sadness, disgust and boredom) in German, making it a total of 800
utterances (counting some second version of some of the sentences). This
database was, like the previous ones, validated using perception experiments.

These databases are not suitable for current state of the art speech synthesis
purposes because of the limited amount of sentences recorded.

Moreover, the six basic emotions do not really occur in daily conversations.
Indeed, in Ekman’s model, on which the choice of emotions was based for
these datasets, the basic emotions are the ones from which other emotions
derive. But that does not necessarily mean that they are frequently expressed
in speech in our daily interactions.

The IMPROV [14] and IEMOCAP [13] databases both contain a large amount
of diverse sentences of emotional data. IEMOCAP contains audio-visual record-
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ings of 5 sessions of dyadic conversations between a male and a female subject.
In total it contains 10 speakers and 12 hours of data. IMPROV contains 6 ses-
sions from 12 actors resulting in 9 hours of audiovisual data. Both databases
were evaluated in terms of category of emotions [23] and emotional dimen-
sions [80] by several subjects. However they are not suitable for a synthesis
purpose either because although the data is well recorded and post-processed
it contains overlapping speech due to the data recording setup (dyadic con-
versation) and some external noise.

The CMU Arctic Speech Database [51] and the SIWIS French Speech Synthesis
Database [42] are collections of read utterances of phonetically balanced sen-
tences in English and French respectively. The CMU-Arctic database contains
approximately 1150 sentences recorded from each of 4 different speakers while
SIWIS contains a total of 9750 utterances from a single speaker. These are
databases suitable for a speech synthesis purpose as there is a large amount of
different sentences recorded from a single speaker in a noiseless environment.
However the sentences are neutral and do not express any emotions.

The AmuS database contains audio data dedicated to amused speech syn-
thesis [30]. We showed in previous work [24, 25, 27] that this database was
well suited for amused speech synthesis. But AmuS contains data only for
amused speech and not other emotions. This dataset contains laughters with
a dedicated annotation scheme. This is described in more details in Chapter 6
dedicated to acoustic laughter synthesis.

3.2.2 Proprietary dataset

Some of the experiments of this project were done with a dataset provided by
ACAPELA GROUP SA. The goal of these recordings was to build a story-
telling system to build audiobooks from transcripts.

It contains phonetically rich sentences uttered by a male actor in English. The
actor was asked to utter a set of the sentences in 8 style classes. For the sake
of clarity, we will refer to Will in the following sections to designate the actor.
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The instructions/examples given to Will to speak with different styles are the
following:

• neutral: typical narration;

• happy: smile and positive;

• sad: depressed;

• bad guy: mean;

• from afar: ”open the gate!” said the knight;

• proxy: ”don’t make too much noise or the monster will hear you”, whis-
pering;

• old man: mimic an old man’s voice;

• little creature: little monster.

For each sentence, there is a wave file sampled at 22.05 kHz and coded in 16
bit linear and a corresponding transcription. The duration of audio files are
given in Table 3.1 in minutes. The durations after trimming silences are also
indicated.

Table 3.1. Durations (min), duration after trimming silences (min) an number of
utterances for each style.

Duration Trimmed duration n utts

NEUTRAL 240.68 150.50 3299

HAPPY 152.00 97.08 2130

SAD 199.02 142.20 2130

BADGUY 179.74 113.57 1867

FROMAFAR 190.02 119.14 2130

PROXY 179.37 123.86 2232

OLDMAN 239.51 134.38 2130

LITTLECREATURE 214.41 124.14 2156
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3.2.3 Audiobook based datasets

The LJ Speech Dataset [44] is a large public domain speech dataset containing
recordings of one female speaker. This dataset has become a standard to
evaluate the performance of different speech synthesis systems. Statistics of
the dataset are given online1 and transcribed in Table 3.2.

Table 3.2. Statistics of LJ Speech Dataset.

Total Clips 13,100

Total Words 225,715

Total Characters 1,308,678

Total Duration 23:55:17

Mean Clip Duration 6.57 sec

Min Clip Duration 1.11 sec

Max Clip Duration 10.10 sec

Mean Words per Clip 17.23

Distinct Words 13,821

The scripts uttered by the speaker comes from seven non-fiction books. In
terms of expressiveness, the dataset is not very diverse. It is therefore more
suited for neutral TTS than for expressive TTS.

LibriTTS [121] is another large corpus suitable for TTS. It is a curated and
post-processed version of LibriSpeech dataset that was mostly used for training
and evaluation speech recognition systems.

Blizzard 2013 dataset2 is, like LJ Speech, composed of recordings of a single
female speaker. It is however a lot more expressive than the latter.

1https://keithito.com/LJ-Speech-Dataset/
2http://www.cstr.ed.ac.uk/projects/blizzard/2013/lessac_blizzard2013/

https://keithito.com/LJ-Speech-Dataset/
http://www.cstr.ed.ac.uk/projects/blizzard/2013/lessac_blizzard2013/
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3.3 EmoV-DB

The EmoV-DB’s3 primary purpose is to build models that could not only pro-
duce emotional speech but also control the emotional dimension in speech.The
techniques to allow this are either TTS like systems where the system would
map a given text sentence to a speech audio signal or voice transformation sys-
tems where a source voice would be converted to a specific target emotional
voice. Considering this, it is obvious that a lot of data is required. One of the
primary difficulties of building emotional speech-based generation systems is
the collection of data. Indeed not only must the recording be of good quality
and noise free, but the task of expressing emotional sentences in a large enough
amount is challenging. Also, it is often preferable concerning these types of
systems, that a certain category of emotion contains data that are similar on
the acoustic level.

The database presented here was built with these requirements in mind. The
aim was also for it to fit with other currently open-source databases to maxi-
mize the quantity of data available. As mentioned previously, the CMU-Arctic
database (English) and the SIWIS (French) databases are two datasets of neu-
tral speech. Each of them contains a relatively large amount of data that can
be used as source voices for a voice conversion system or as pre-training data
for a system. They are also transcribed which makes the transcription also
available for our database. The transcribed utterances as well as annotations
at phonetic level are available. A subset of these were used to build our
database. The phonetic annotations are not time-aligned with our data yet,
but methods can be used such as forced alignment systems [9].

We chose five different emotions: amusement, anger, sleepiness, disgust and
neutral. We chose emotions that are more likely to be expressed in daily con-
versations than Ekman’s basic emotions. These emotions were chosen because
of the ease to produce them by actors and in order to cover a diverse space in
the Russel Circumplex to allow experimenting with interpolation techniques
to obtain intermediate emotions.

3https://github.com/numediart/EmoV-DB

https://github.com/numediart/EmoV-DB
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Table 3.3. Repartition of the sentences of EmoV-DB dataset by gender, language
and emotion.

Speaker Gender Language Neutral Amused Angry Sleepy Disgust

Spk-Je Female English 417 222 523 466 189

Spk-Bea Female English 373 309 317 520 347

Spk-Sa Male English 493 501 468 495 497

Spk-Jsh Male English 302 298 - 263 -

Spk-No Male French 317 - 273 - -

3.3.1 Database Content

The data was recorded in 2 different languages English (North American) and
French (Belgian). English natives (2 females and 2 males) and a single male
French native were asked to read sentences while expressing one of the above
mentioned emotions. The English sentences were taken from the CMU-arctic
database. The French ones from the SIWIS database. Both databases contain
freely available open-source phonetically balanced sentences.

The recordings for the English data were carried on in two different anechoic
chambers of the Northeastern University campus. The ones for the French
data were made in an anechoic room at the University of Mons.

The utterances were recorded in several sessions of about 30 minutes record-
ings followed by a 5 to 15 minutes break and the data collection was spread
across several days depending on the availability of the actors. The actors
were asked to repeat sentences that were mispronounced.

The actors were asked to record each emotion class separately in different
sessions. The sentences were segmented manually for some of the speakers.
By segmentation we mean determining the intervals of start and end of each
sentence. The total number of utterances obtained is summarized in Table 3.3.
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Amused speech can contain chuckling sounds which overlap and/or inter-
mingle with speech called speech-laughs [106] or can be only amused smiled
speech [26]. Therefore, for the amused data in our database, in order to col-
lect as much data as possible and considering the relatively limited time the
actors provided us, we focused on amused speech with speech-laughs. This
choice was motivated by our previous study showing that this type of amused
speech was perceived as more amused than amused smiled speech (without
speech-laugh). Also in another study, we show that including laughter in syn-
thesized speech is always perceived as amused no matter the style of speech it
is inserted in (neutral or smiled) [27]. Based on the previous studies made on
amusement, the actors were encouraged, while simulating the other emotions,
to use nonverbal expressions [28] before and even while uttering the sentences
if they felt the need to (e.g., yawning for sleepiness, affect bursts for anger and
disgust).

3.3.2 Data Validation in a Voice Transformation Experiment

In order to validate our database, we show the performance of the data in
a voice transformation system intended to generate target emotional speech
from a source sentence. We thus designed an experiment described in this
section.

Voice Transformation System

A feedforward-based voice transformation system was trained per speaker and
per emotion. This experiment concerns Spk-Bea (female-English), Spk-Sa
(male-English) and Spk-No (male-French). The system was trained to trans-
form the neutral style (source) to another emotion style target. In this study,
the target speech style is anger. This choice was motivated by the fact that
the anger class was the one with the least nonverbal expressions which made
the transformation task less complex for the simple system we chose. For each
of the speakers a system was also trained to transform from neutral to neutral
speech style. This was done to use the generated neutral utterances as refer-
ence and compare the emotional utterances generated to it. This thus gave us
6 systems trained in total.
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Table 3.4. Amount of data used for training two Voice Conversion systems to
experiment the usefulness of the EmoV-DB dataset. The first is a

baseline that goes from neutral to neutral and the second goes from
neutral to angry categories.

Pairs Spk-Bea Spk-Sa Spk-No

neutral-neutral 355 456 243

neutral-angry 296 456 243

The voice transformation system is based on the Merlin Toolkit [116]. This
toolkit contains a module allowing Voice Conversion (VC), i.e., transform a
source speaker’s voice so that it sounds like a target speaker’s voice. The
VC module do this by extracting speech features with a vocoder (the default
WORLD vocoder [68] was used) of both source and target voices, performing
a DTW to align the features in time and computing a regression between the
source and target features. The regression model used is a simple DNN of 6
feedforward hidden layers in which each hidden layer is constituted of 1024
hyperbolic tangent units.

In this experiment, instead of training the VC module with sentences uttered
by a source and a target speaker, we trained it with sentences uttered by the
same speaker with a source and a target emotion category. The procedure of
this experiment is the same as in [61] which showed good results for emotion
to neutral speech transformations.

Table 3.4 shows the amount of training data used to train each system.

Perception Test

After training, 5 neutral test sentences from the recorded data, not seen pre-
viously by the systems during training in each case, were transformed by each
system to its target emotion. Then, each source-target pair was used in a
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Table 3.5. Percentage of angry and neutral speech styles being accurately classified
in the listening test.

Pair Spk-Bea Spk-Sa Spk-No

neutral-neutral 96% 90% 98%

neutral-angry 78% 71% 83%

Table 3.6. Mean and standard deviation of results obtained. Negative values
would correspond to neutral being perceived as more emotional than
the ”anger” utterance, and vice versa for the positive values. A ”0”

grade would indicate that there is no difference between the compared
utterances.

Pair Spk-Bea Spk-Sa Spk-No

mean/std mean/std mean/std

neutral-neutral 0.05/0.2 0.05/0.1 0.01/0.09

neutral-angry 2.3/1.2 2/2 2.4/1.3

Comparative Mean Opinion Score (CMOS) test. This makes it 30 different
input-output pairs (including the neutral-neutral transformations).

Each pair was formed by the output of the system generating the neutral style
with itself (neutral-neutral pair) or with the output of a system generating
the angry style (neutral-angry pair) for the same speaker. Audio files were
then created by concatenating both utterances to be compared in a single file
with a 3 second silence delay between them. The order by which they were
concatenated was random.

During this test, 26 participants per speaker were asked to grade on a scale of
integers from -3 to 3 (0 included) which sentence was more emotional. They
were then asked to pick among a list of 6 categories (neutral, sleepiness, anger,
amusement, disgust or other) which one represented the most emotional ut-
terance (0 corresponding to ”no difference”).
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The more positive the value was, the more sure the participant considered
that the first utterance in the audio clip was more emotional than the second
utterance (and vice-versa for the negative). When processing the data, all
ratings estimating that the neutral style was more emotional was converted to
negative values and all others to positive. In case of the neutral-neutral pair
all the ratings were therefore negative.

Table 3.5 shows the percentage of times the emotional utterances (utterance
with highest grade or both if 0) were correctly categorized in each pair of
speech styles. We can observe that accuracies for neutral to angry are lower
than neutral to neutral. This is because the task is more challenging. The
mean and standard deviation of the scores obtained by each pair are given in
Table 3.6.

We can see from the above tables that the participants could recognize the
angry expression accurately and with high confidence for each speaker. These
results show that the data for the ”anger” emotion, can efficiently be used for
a voice transformation system.

It is interesting to note that most of the misclassification of the results in both
the neutral-neutral case and the neutral-angry case were due to perceiving the
neutral (or one of the neutrals) as sleepiness or amusement. Indeed the test
being a comparative one these misclassifications might be due to classifying
one expression with respect to the other instead of in an absolute way.

3.4 Conclusions

In this chapter, we reviewed existing datasets containing emotional speech and
detailed their characteristics that condition the tasks for which they can be
useful. We propose a first step towards obtaining a large open-source database
of emotional data dedicated to systems aiming at controlling the emotional
dimension in speech. We showed that the proposed database was efficient to
produce angry voices from neutral ones using a simple DNN.
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This chapter is part of the second of the 4 main tasks of the thesis work plan
described in Section 1.2, i.e., study the possibility to extract a representation
of emotional expressiveness in speech with a Deep Learning architecture.

In this chapter, we investigate the use of a neural ASR as a feature extractor for
emotion recognition. We show that these features outperform the eGeMAPS
feature set to predict the valence and arousal emotional dimensions, which
means that the audio-to-text mapping learned by the ASR system contains
information related to the emotional dimensions in spontaneous speech. We
also examine the relationship between first layers (closer to speech) and last
layers (closer to text) of the ASR and valence/arousal.

The idea of using a Deep Learning architecture trained on a task to extract a
representation of emotional expressiveness is used in Chapter 8.

4.1 Introduction

With the advent of deep learning, areas of signal processing have been dras-
tically improved. In the field of speech synthesis, Wavenet [71], a deep neural
network for generating raw audio waveforms, outperforms all previous ap-
proaches in terms of naturalness. One of the remaining challenges in speech
synthesis is to control its emotional dimension (happiness, sadness, amuse-
ment, etc.). The work described in this chapter is a first step towards the
control of the emotional state of a sentence being synthesized. For this, we
present here exploratory work regarding the analysis of the relationship be-
tween the emotional states and the modalities used to express them in speech.

Indeed, one of the main problems to develop such a system is the amount
of good quality data (naturalistic emotional speech of synthesis quality, i.e.,
containing no noise of any sorts). This is why we are considering solutions
such as synthesis by analysis and transfer learning [74].

Arousal and valence [86] are among the most, if not the most used dimen-
sions for quantizing emotions. Valence represents the positivity of the emo-
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tion whereas arousal represents its activation. Since they represent emotional
states, these dimensions are linked to several modalities that we use to express
emotions (audio, text, facial expressions, etc.).

It has recently been shown that for emotion recognition, deep learning based
systems learn features that outperform handcrafted features [105, 63, 48, 49].
The use of context and different modalities has also been studied with deep
learning models. [79] focus on the contextual information among utterances
in a video while [119, 120] develop specific architectures to fuse information
coming from different modalities.

In this work, with the goal to study the relationship between valence/arousal,
and different modalities, we propose to use the internal representation of a
speech-to-text system. An ASR system or speech-to-text system, learns a
mapping between two modalities: an audio speech signal and its correspond-
ing transcription. We hypothesize that such a system must also be learning
representations of emotional expressions since these are contained intrinsically
in both speech (variation or the pitch, the energy, etc.) and text (semantic of
the words).

We show here that the activations of certain neurons in an ASR system are
useful to estimate the arousal and valence dimensions of an audio speech sig-
nal. In other words, transfer learning (see Section 2.4.3) is leveraged by using
features learned for an ASR task to estimate valence and arousal. The ad-
vantage of our method is that it allows combining the use of large datasets
of speech with transcriptions with limited datasets annotated in emotional
dimensions.

An example of transfer learning application in the field of affective computing
is the work of [82]. The authors trained a multiplicative LSTM [52] to predict
the next text character based on the previous ones to design a text generator
system. The dataset used to train their model was the Amazon review dataset
presented in [64]. Then, they used the representation learned by the model to
predict sentiment also available in the dataset, and achieved state of the art
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prediction.

In this chapter, we show that the activations of a deep learning-based ASR
system trained on a large database can be used as features for the estimation
of arousal and valence values. The features would therefore be extracted from
both the audio and text modalities which the ASR system learned to map.

4.2 ASR-based Features for Emotion Prediction Via
Regression

Our goal is to study the relationship between valence/arousal, and audio/text
modalities thanks to an ASR system. The main idea is that the ASR system
that models the mapping between audio and text might learn a representation
of emotional expression. So, for our analyses, we use an ASR system as a
feature extractor which feeds a linear regression algorithm to estimate the
arousal/valence values. This section describes the whole system. First we
present the ASR system used as a feature extractor. We then briefly present
the data used and present first results on the data analysis.

4.2.1 ASR system

The ASR system used is implemented in [70] and pre-trained on the VCTK
dataset [109] containing 44 hours of speech uttered by 109 native speakers of
English.

Its architecture, depicted in Figure 4.1, consists of a dilated convolution of
blocks. Each block is a GCU with a skip (residual) connection. In other
words a Wavenet-like architecture [71] as described in Section 2.4.3. There
are 15 layers and 128 GCUs in each layer: 1920 GCUs in total. To lighten
the computational cost, the audio signal is compressed in 20 Mel Frequency
Cepstral Coefficients (MFCCs) and then fed into the system.

The model predicts a sequence of ASCII characters that are compared to
ground truth via a Connectionist Temporal Classification (CTC) loss [37] that
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Figure 4.1. ASR Network architecture. [70]

allows using neural networks classifiers for temporal classification tasks, e.g.,
speech recognition.

The model is only an acoustic model. It could be augmented with a post-
processing step by adding a statistical language model for better performance
in terms of speech recognition. A language model’s role is to correct text
predictions with a model trained on text data. However in this context, we are
not interested to further improve text predictions after the acoustic modeling
step.

4.2.2 Dataset Used

IEMOCAP Dataset

The ”interactive emotional dyadic motion capture database” (IEMOCAP) [13]
is used in this chapter. It consists of audio-visual recordings of 5 sessions of
dialogues between male and female subjects. In total it contains 10 speakers
and a total of 12 hours of data. The data is segmented in utterances. Each
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utterance is transcribed and annotated by category of emotions [22] and a
value for emotional dimensions [86] (valence, arousal and dominance) between
1 and 5 representing the dimension’s intensity. In this work, we only use the
audio and text modalities as well as the valence and arousal annotations.

Data Analysis and Neural Features

We investigate the relationship between the activation output of the ASR-
based system’s GCUs and the valence/arousal values by studying the correla-
tions between them. For every utterance and for each speaker of the IEMO-
CAP dataset, we compute the mean activation of the GCUs of the ASR. The
Pearson correlation coefficient is then calculated between the mean activation
outputs and the values of valence/arousal of all utterances of the speaker. In
the rest of the chapter, we will refer to the mean activation of the GCUs as
neural features. As an example, the results concerning the female speaker of
session 2 is summarized in a heat map represented in Figure 4.2
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Figure 4.2. Absolute Pearson correlation coefficient between the neural features and
valence (up) and arousal (down) - Female speaker of session 2. The neu-
ral features are obtained by averaging, for each utterance, the activation
of each convolutional block in each layer of the architecture. In each heat
map, lines correspond to the different layers and columns to the different
convolutional blocks of these layers.
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Each row of the heat map corresponds to a layer of GCUs. The color is mapped
with the Pearson correlation coefficient value.

One can see that correlations exist for both arousal and valence. This suggests
that the ASR-based system learns a certain representation of the emotional
dimensions.

4.2.3 Structure of the system

Figure 4.3. Block diagram of the system allowing the prediction of emotional infor-
mation from a Deep Learning-based ASR system. A pre-trained ASR
system taking MFCC features as input and predicting characters is used
as a feature extractor. The features correspond to the output of sub-
blocks of the architecture. Feature selection is applied using Fisher
score as criterion. Valence and arousal are then predicted with a linear
regression of the features.

The system is illustrated in Figure 4.3. As previously mentioned, the ASR
system is used as a feature extractor. First we compute the 20 MFCCs of the
utterances of the IEMOCAP dataset with librosa python library [65], a stan-
dard audio processing library. These are passed through the ASR to compute
the corresponding neural features.

A feature selection is applied on the neural features to keep 100 among the
1920 features for dimensionality reduction purpose. The selection is done us-
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ing the scikit-learn python library [76] with the Fisher score.

Finally a linear regression is trained to estimate the valence/arousal values
from the neural features using the IEMOCAP data. The linear regression is
done using scikit-learn. The training is done by minimizing the MSE between
predictions and labels.

4.3 Experiments and Results

In this section, we detail the experiments that we carried out. The first one
is the evaluation of the neural features in terms of MSE and its comparison
with a linear regression of the eGeMAPS [33] feature set. In the second one,
we investigate the relationship between the audio and text modalities and the
emotional dimensions.

4.3.1 First experiment: Linear regression

In this first experiment, we investigate the performance of a linear regression
to predict arousal and valence using the neural features. We compare this
with a linear regression using the eGeMAPS feature set.

The eGeMAPS feature set is a selection of acoustic features that provide a
common baseline for evaluation in researches to avoid differences of feature
set and implementations. Indeed, an implementation is provided with openS-
MILE toolkit [34].

The eGeMAPS features were selected based on their ability to represent af-
fective physiological nuances in voice production, their proven performance in
former research work as well as the possibility to extract them automatically,
and their theoretical significance.

The feature set is based on Low Level Descriptors (LLDs) (F0, formants,
MFCCs, etc.) to which are applied statistics for the utterance (mean, nor-



Transfer Learning for Emotion recognition 71

malized standard deviation, percentiles). All statistics are applied to voiced
regions only (non-zero F0). For MFCCs, there is also a version applied to all
regions (voiced and unvoiced).

These features are defined in [33] as follows:

• F0: logarithmic F0 on a semitone frequency scale, starting at 27.5 Hz
(semitone 0);

• F1-3: Formants 1 to 3 centre frequencies;

• Alpha Ratio: ratio of the summed energy from 50-1000 Hz and 1-5 kHz;

• Hammarberg Index: ratio of the strongest energy peak in the 0-2 kHz
region to the strongest peak in the 2-5 kHz region;

• Spectral Slope 0-500 Hz and 500-1500 Hz: linear regression slope of the
logarithmic power spectrum within the two given bands;

• mfcc1-4: Mel-Frequency Cepstral Coefficients 1 to 4.

The results obtained from the linear regression in terms of MSE are compared
to the annotations for each of the arousal and valence values (between 1 and
5) in Table 4.1. We perform a leave-one-speaker-out evaluation scheme with
both feature sets for cross-validation. In other words, each validation set is
constituted with the utterances corresponding to one speaker and the corre-
sponding training set with the other speakers. We train a model with each
training set and evaluate it on the validation set in terms of MSE. The table
contains the mean and standard deviation of the MSEs.

Arousal Valence

Mean Variance Mean Variance

Neural features 0.259 0.020 0.660 0.118

eGeMAPS set 0.267 0.034 0.697 0.135

Table 4.1. Means and variance of the MSE (lower is better) on the prediction of va-
lence and arousal by a linear regression trained on the eGeMAPS feature
set and the neural features.
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This table shows that the neural features outperform the eGeMAPS features
in this experiment. This confirms the fact that the ASR system learns repre-
sentations of emotional dimensions in spontaneous speech.

4.3.2 Second experiment: Influence of modalities

During the data exploration, we noticed that, for some speakers, the layers
closer to the speech input were more correlated to arousal and the ones closer
to the text output to valence. An example is shown in Figure 4.4. We present,
in this section, preliminary studies regarding this matter.
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Figure 4.4. Pearson correlation coefficient between the neural features and valence
(up) and arousal (down) - Female speaker of session 1.

In order to analyze this phenomenon as precisely as possible, we only consid-
ered the utterances from the IEMOCAP database for which the annotators
reached an agreement between with each other. This was evaluated using
categorical labels. In case of ex aequo in votes for the different categories,
it was considered not consistent in terms of inter-evaluator agreement; 7532
segments out of the 10039 segments reached agreement.

Then we performed linear regression with 4 different sets of feature to study
their influence. For the first set, we select the 100 best features among the 3
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first layers of the neural ASR in terms of Fisher score using scikit-learn. For
the second set, we apply the same selection to the 3 last layers. The third set
selection is applied among all neural features. The last set is the eGeMAPS
feature set.

The results are summarized in Table 4.2. As expected, the results show, that
for the speakers considered, the layers closer to the audio modality outper-
form the ones closer to the text modality in the ASR architecture for arousal
prediction and vice versa for the valence prediction.

Arousal Valence

Mean Variance Mean Variance

First layers 0.325 0.069 0.714 0.114

Last layers 0.357 0.038 0.661 0.089

All 0.296 0.044 0.621 0.099

eGeMAPS set 0.328 0.064 0.683 0.124

Table 4.2. Means and variances of the MSE on the prediction of valence and arousal.

4.4 Conclusions

In this chapter, we show that features learned by a deep learning-based system
trained for the Automatic Speech Recognition task can be used for emotion
recognition and outperform the eGeMAPS feature set, the state of the art
handcrafted features for emotion recognition. Then we investigate the cor-
relation of the emotional dimensions arousal and valence with the modalities
of audio and text of the speech. We show that for some speakers, arousal is
more correlated to neural features extracted from layers closer to the speech
modality and valence to the ones closer to the text modality.

From these results, we also notice that valence remains a lot more difficult to
predict than arousal. Indeed the experiment shows that is is possible to find
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correlation coefficient up to 0.35 for valence (weak correlation) while correla-
tion coefficients could go beyond 0.7 for arousal.
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This chapter is part of the third of the 4 main tasks of the thesis work plan de-
scribed in Section 1.2, i.e., build a system able to synthesize expressive speech
based on the data collected, first based on specific styles.

In this chapter, our goal is to tackle the inherent problem of the amount of
data needed in deep learning in the case of emotional TTS which is a topic of
growing interest. We can cite [89] that experimented an unsupervised learn-
ing technique to change prosody of synthesized sentences with style tokens
or [59] that modified Tacotron’s architecture to synthesize speech given emo-
tional labels. In this chapter, we explain how to leverage fine-tuning on deep
learning-based TTS systems to synthesize emotional speech with a small emo-
tional speech dataset.

Chapter 6 constitutes a practical application of the methodology described in
this chapter.

5.1 Introduction

The current state of the art of TTS synthesis is based on deep learning al-
gorithms. These systems are now capable of producing natural human-like
speech. However, to reach such results, these systems require a large amount
of training data.

Moreover it is difficult to have a fine control on speech quality and emotional
content with such systems, while this has become an important challenge in
speech synthesis. Here again, data availability is an issue. Indeed, high quality
speech datasets with emotional content needed for speech synthesis are quite
difficult to collect. The amount of data available is therefore relatively limited
compared to what deep learning algorithms require to converge.

Promising methods to tackle the problem of quantity of data are those related
to knowledge transfer such as transfer learning [74], fine-tuning and multi-task
learning (see Section 2.4.3). These techniques have proved useful in various
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applications of deep learning.

In the field of Motion Capture and Analysis, [56] mapped a motion sequence
to an Red Green Blue (RGB) image to be able to use a CNN pre-trained for
image classification in their motion classification task. The authors showed
that fine-tuning the CNN on their motion data improved classification results.

In Chapter 4, we used an neural ASR as a feature extractor for emotion recog-
nition. We showed that the mapping between speech and text learned by the
ASR system contains information useful for emotion recognition.

In the TTS field as well, transfer learning is being investigated. In [45], the au-
thors successfully transferred knowledge from a model trained to discriminate
between speakers to a multi-speaker TTS model. These examples motivates
our interest to investigate the use of knowledge transferability between models.

5.2 System

Our goal is to study the feasibility of fine-tuning a TTS system pre-trained
on a big dataset on few new data and analyze how much the model is able
to fit them. this section describes the whole system. Figure 5.1 represents
its overall idea. First, in Section 5.2.1, we present the TTS system used as
a basis for fine-tuning. We then briefly present the dataset we are using in
Section 5.2.2. In Section 5.2.3, we explain the pre-processing of our dataset.
Finally, in Section 5.2.4, we detail the fine-tuning procedure applied to obtain
emotional TTS models.

5.2.1 Text-to-Speech System

The number of deep learning-based TTS system of the state of the art are
growing. To carry out our experiments, we chose, DCTTS [93], a system
that combines advantages of several systems. DCTTS models a sequence-to-
sequence problem with a encoder-decoder structure along with an Attention
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Pre-processing 

resampling to 22.05kHz
trimming
selection
NVE removal

MODEL PRETRAINED ON LJ-
SPEECH (~24h)

Fine-tuning 

Using neutral subset 

Fine-tuning 

Using each emotional
subset

Small emotional
dataset 

MODEL FINE-TUNED ON
neutral subset

MODEL FINE-TUNED ON
amused subset

MODEL FINE-TUNED ON 
angry subset

MODEL FINE-TUNED ON
disgust subset

MODEL FINE-TUNED ON
sleepy subset

Figure 5.1. Block diagram of the Transfer Learning procedure. A Deep Learning-
based system is first trained on a big speech dataset of good quality. A
smaller dataset of another speaker that is however richer in emotional
expressiveness is pre-processed. The part labeled as neutral is used
to fine-tune the pre-trained model to obtain a TTS model fitting the
new speaker’s voice. Then emotion adaptation is performed by fine-
tuning this model with each emotional subset to obtained one model
per emotion.

Mechanism like Tacotron [111]. However, unlike Tacotron, the modules of the
architecture are all CNN-based and there is no RNN component. In [93], the
authors compared an open source implementation of Tacotron to DCTTS and
have higher Mean Opinion Score (MOS). In this work, we use the Tensorflow
implementation provided in [55].

There are two modules trained separately: Text2Mel and Spectrogram Super-
resolution Network (SSRN). Text2Mel takes care of the mapping between
character embeddings and the output of Mel Filter Banks (MFBs) applied
on the audio signal, i.e., a mel-spectrogram. Text2Mel module models the
sequence-to-sequence task. It is composed of a Text Encoder, an Audio En-
coder, an Attention Mechanism, and an Audio Decoder. Then the second
module SSRN maps the mel-spectrogram to full resolution spectrogram. Fi-
nally, Griffin-Lim is used as a vocoder.
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5.2.2 Dataset Used

The dataset used in this work is EmoV-DB: The Database of Emotional Voices
presented in Chapter 3. To summarize, EmoV-DB contains sentences uttered
by male and female actors in English and a male actor in French. Each ac-
tor was asked to utter a subset of the sentences from the CMU-Arctic [51]
database for English speakers with 5 emotion classes.

In this work we used one of the English actress to perform emotion adaptation
of the TTS system. The experiments performed on this dataset also assess its
usability with deep learning algorithms for voice generation systems.

5.2.3 Pre-processing

Important aspects of the pre-processing to use this model are:

• the sample frequency;

• the trimming of silences at the beginning and end of audio files;

• removal of nonverbal expressions (laughters, yawns, etc.).

As the model was trained with LJ-speech database with a sample frequency
of 22050Hz, we should use the same with our database.

The trimming of silences is important because the model uses guided atten-
tion [93]. It helps the attention mechanism by assuming that the ordering of
text characters is almost linearly related to the time in the audio file. This is
true only if the speech begins from the start of the file without a silence.

We experimented that without this trimming, the synthesized sentences often
omitted the first words of the text to pronounce. The implementation of [55]
already uses trimming with librosa, a standard audio processing python li-
brary [65]. However we noticed that default function parameters were not
suited for our database. We thus changed the threshold below reference to
consider as silence to 20dB.
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The same problem happens when there are non verbal expressions in the audio
files such as laughters, yawns or sighs. Indeed in these cases, the hypothesis to
use guided attention is not verified as well. To overcome this problem, we first
manually selected utterances without such Non Verbal Expression (NVE) for
the amused dataset (156 utterances) and the sleepy dataset (361 utterances).
Then for the amused dataset only, we augmented this selection by manually
removing laughters from a part of the remaining utterances (82 utterances) to
have a total of 238 utterances because the selection was quite small.

5.2.4 Fine-tuning

In this section, we explain how we leveraged knowledge transfer on TTS by
fine-tuning a part of a pre-trained model on our small dataset. The pre-
training of the model was done using the LJ-Speech dataset. This dataset
is available online1 and contains 23.9h of speech uttered by a single female
speaker. The fine-tuning was done with the dataset described in Section 5.2.2.

There are several possibilities of how we could fine-tune the model. First, we
can choose which parts of the pre-trained model we want to fine-tune with the
new dataset and which part we want to keep fixed.

The second part of the model, SSRN, does the mapping between mel-spectrogram
and full spectrogram. Therefore, it should not depend on the speaker identity
on speaking style as it is just trained to do the mapping between two audio
features. However, as the model has been pre-trained on one speaker, there
is a possibility of over-fitting on the characteristics of that specific speaker.
The first question we want to answer is whether the SSRN can generalize the
mapping to other speaking styles.

As for Text2Mel module, it is composed of a Text Encoder, Audio Encoder,
Attention, and Audio Decoder. As the text does not depend on characteristics
of the speaker or his speaking style, we tried to train only the Audio part.
However we found that there are some problems of rhythm in synthesized

1https://keithito.com/LJ-Speech-Dataset

https://keithito.com/LJ-Speech-Dataset
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speech. We believe this is because Attention module is not adapted to the
new speaking style. As a consequence, we chose to fine-tune on the entire
Text2Mel module.

5.3 Experiment

In this section, we detail the two experiments performed on the system.

In the first experiment, we evaluate the usefulness of the fine-tuning technique
compared to a random initialization of the model parameters. The evaluation
is based on a measure of intelligibility of the synthesized speech in terms of
word accuracy proposed in [73].

In the second experiment, we evaluate the quality of the emotional speech
synthesized through a MOS test for each emotion according to two criteria:
confidence in the perception of the emotion specified and the intelligibility.

The amount of speech data used for the experiments are showed in Table
5.1. Durations are rounded to the minute. The values between parentheses
correspond to the amount of data before selection and NVE removal.

Table 5.1. Amount of data available for each emotion in terms of total duration and
number of utterances.

Total duration [min] Number of utterances

Amused 15 (20) 238 (296)

Angry 19 304

Disgusted 29 303

Neutral 23 357

Sleepy 36 (51) 361 (496)
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5.3.1 Objective measures

Table 5.2. Intelligibility in terms of Word Accuracy.

Word Accuracy

LJ-speech 0.630± 0.042

Neutral (random initialization) 0.004± 0.004

Neutral (fine-tuning) 0.517± 0.048

In this experiment, we synthesized 100 sentences of the Harvard sentences [85]
with several models. Then an objective measure of the intelligibility of every
sentence was computed in terms of word accuracy [73]. The measure consists
of using an ASR to recognize speech and compute a word accuracy by com-
paring the result to the text label.

The mean word accuracy with 95% confidence interval for all models are sum-
marized in Table 5.2. The first line show the word accuracy of the pre-trained
model (on LJ-speech dataset). The second line corresponds to the model
trained only on the neutral subset. Finally, the third line corresponds to the
pre-trained model fine-tuned on the neutral subset.

These measures allow us to compare the fine-tuning of a pre-trained model to
random initialization of the model parameters.

The experiments clearly shows that the model trained with the neutral subset
of 20 min is unable to generate intelligible speech if the model parameters are
randomly initialized. However, if the initialization of the parameters comes
from a model previously trained on another large speech dataset, the fine-
tuned model leads to a slightly lower intelligibility compared to the reference.
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5.3.2 Perception tests

After fine-tuning from the neutral model to emotional models, we synthesized
5 sentences not seen during training with each of these models. These sen-
tences were used in a MOS test. During this test, the participants were asked
to complete a form.

This survey contained 5 sections. Each section was dedicated to one emotion.
In every section, the participants were asked to rate utterances between 0 and
5 for two criteria:

• the confidence in the perception of the emotion specified (0=we can not
hear the emotion specified, 5=we perfectly hear the emotion specified);

• the intelligibility of speech (0=it is indecipherable, 5=it is perfectly in-
telligible).

This test was performed on both original files from the dataset and synthesized
files. Table 5.3 gives MOS with 95% confidence interval for the original files
and Table 5.4 gives them for the synthesized files.

Table 5.3. MOS test results of original files.

Intelligibility Confidence

Amused 4.47± 0.21 4.60± 0.20

Angry 4.73± 0.18 4.22± 0.25

Disgusted 4.42± 0.21 3.28± 0.27

Neutral 4.83± 0.16 4.37± 0.23

Sleepy 4.33± 0.21 3.80± 0.27

Results of Table 5.3 should be considered as higher bounds as they represent
the opinion about original files of the dataset. Results from Table 5.4 should
be compared to these higher bounds. One can see that these higher bounds
do not meet the maximum value of 5.
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Table 5.4. MOS test results of synthesized files.

Intelligibility Confidence

Amused 2.01± 0.24 2.00± 0.27

Angry 2.76± 0.25 2.10± 0.28

Disgusted 2.17± 0.27 2.27± 0.30

Neutral 3.60± 0.26 3.59± 0.24

Sleepy 2.59± 0.28 3.29± 0.26

In Table 5.4, for both intelligibility and confidence of the perception of an
emotion, the Neutral category has the higher value. A possible explanation
of this is that the pre-trained model used has been trained with a neutral
corpus and is therefore closer to the Neutral subset used for fine-tuning. For
the other emotional categories, the values are more degraded compared to
original samples. These degradations vary depending on the category. The
nonverbal components contained in the different categories are different and
may be more or less difficult for the system to reproduce depending on the data
it has been trained on. For example, the amused category contains chuckled
vowels that were not well reproduced. This may explain why it has the greatest
degradation. On the contrary, the sleepy category was slow pace and relaxed
voice (low tension). These characteristics could be easier to interpolate from
neutral speech.

5.4 Conclusions

In this chapter, we present a technique allowing the synthesis of emotional
speech using a small emotional speech dataset. This technique is based on the
fine-tuning of a deep learning-based TTS model with the neutral subset of the
small dataset and then fine-tuning the resulting model with each emotional
subset to obtain one model per emotional category.

In the first experiment, we show that training the model with random ini-
tialization of the parameters gives completely unintelligible speech synthesis.
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However using a pre-trained model as initialization and fine-tuning it leads to
more intelligible speech synthesis.

In the second experiment, we perform perception tests to quantify the differ-
ence between original recordings from the dataset and synthesized speech for
the different emotion categories and with two criteria: the perceived intelligi-
bility and the confidence of detecting the emotion. We believe the variations
between MOS score degradations depend on the different speech components
and vocal characteristics necessary to generate the different emotion cate-
gories.

In applications for which it is needed to keep the speaker identity in the
synthesized voice, it would be necessary to evaluate to which extent the vocal
characteristics are conserved after the fine-tuning procedure. Indeed, such
procedure can lead to an altered speaker identity. This phenomenon is referred
to as speaker leakage. In this chapter, we do not tackle this aspect as we
are mainly interested in synthesizing expressive speech and not controlling or
keeping a specific speaker identity.
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This chapter is part of the third of the 4 main tasks of the thesis work plan de-
scribed in Section 1.2, i.e., build a system able to synthesize expressive speech
based on the data collected, first based on specific styles. This chapter is an
application of the methodology developed in previous chapter.

Despite the growing interest for expressive speech synthesis, synthesis of non-
verbal expressions is an under-explored area. In this chapter we propose a
system of acoustic laughter synthesis based on a sequence-to-sequence TTS
synthesis system. We leverage transfer learning by training a deep learning
model to learn to generate both speech and laughs from annotations.

We evaluate our model with a listening test to compare its performance to
HMM-based laughter synthesis and assess that it reaches higher naturalness.
Our solution is a first step towards a TTS system that would be able to
synthesize speech with a control on amusement level with laughter integration.

6.1 Introduction and Motivations

Given the progress in speech technologies and Human-Computer Interactions,
several applications of voice assistants and virtual agents have been devel-
oped. These applications are evolving towards breaking the barriers between
robot-sounding synthetic sounds to human-like conversations. One of the
under-explored domains is the synthesis of nonverbal-conversational expres-
sions, particularly laughter. Laughter is an important component of speech
and daily interactions. It has been shown to be very frequent cross-cultural
expression in conversations, to communicate emotions and to have conversa-
tional and social functionalities [27].

Although laughter synthesis systems has already been investigated [107, 67,
27], deep learning-based systems are under-explored for audio laughter syn-
thesis. Indeed, to the best of our knowledge very few work can be found on
the subject.
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Laughter can be expressed in many different ways and is particular to each in-
dividual. It is therefore rather difficult to collect naturalistic genuine laughter
in a sound clean environment. This is the main reason why resources available
for synthesis purposes are rather limited compared to speech.

In this chapter we present a deep learning-based laughter synthesis system.
This work is part of a larger project aiming at synthesizing laughter alongside
speech in Human-Agent Interaction systems. In order to build this system
considering the limited amount of data available, we leverage the knowledge
learned by TTS systems. Indeed, although different, both speech and laughs
share common sound characteristics since laughs are sequences of fricatives,
vowel-sounds and breathing. We follow a similar approach as in Chapter 5
that used transfer learning for emotional speech synthesis with few data.

The system presented here, improves on previous state of the art in quality
and in flexibility. The results of this work is also a stepping stone towards the
use of laughter alongside speech and intermingled with it in order to generate
speech-laughs [27].

The chapter is organized as follows: related work is summarized in Section 6.2;
Section 6.3 presents the datasets involved in this work; Section 6.4 describes
the proposed system for audio laughter synthesis; the procedure of the per-
ceptive evaluation is described in Section 6.5; the results of the evaluation are
presented and discussed in Section 6.6; finally Section 6.7 gives future works
and Section 6.8 draw the conclusions.

6.2 Related Work

The techniques studied for laughter synthesis have generally followed those
used for speech synthesis. In this work we will do the same for two main
reasons: first, the signals share a lot of common characteristics; second, us-
ing TTS systems will allow the incorporation of our laughter synthesis system
into a fully functioning TTS system and thus achieve our ultimate goal of TTS
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with control over amusement levels.

As detailed in Chapter 2, speech synthesis methods can be grouped in three
main categories: synthesis by concatenation, speech production modeling and
statistical parametric synthesis.Among the few studies on laughter synthesis,
the first attempts included synthesis by diphone concatenation [57], paramet-
ric synthesis and by using a mass-spring approach [92]. Then HMM-based
models were introduced to laughter synthesis due to their wide-use in speech
synthesis back then [107].

In the HMM-based approach of [27], the authors leveraged adaptation of acous-
tic modeling to transfer knowledge of speech acoustics for the prediction of
acoustic features of laughter. Similar domain adaptation techniques have also
been studied for emotional speech synthesis with seq2seq deep learning mod-
els. In Chapter 5, we tackled the problem of data scarcity of emotional speech
by using fine-tuning on a seq2seq TTS model. A model trained to synthesize
neutral speech with a large dataset (∼ 24 hours) was fine-tuned with smaller
speech datasets (∼ 20− 40 minutes) for different categories of emotion.

However, deep learning-based laughter synthesis has been very little explored
yet. An approach of synthesis with wavenet was recently proposed by [67].
Wavenet [71] is an autoregressive CNN synthesizing audio sample by sam-
ple from features, typically linguistic features for TTS, or acoustic features
for vocoding. In their attempt of application to laughter synthesis, the au-
thors conditioned the wavenet model on information of inhalation/exhalation
sequence and durations and power contour features predicted by an HMM
model. This approach is therefore still relying on previous HMM approaches
for a part of the information.

Given the breakthrough of sequence-to-sequence (seq2seq) approaches in speech
synthesis systems, we propose an adapted approach for audio laughter synthe-
sis. Also, the method proposed in this chapter offers control over the specific
sound sequences to be generated rather than syllable-level control. This offers
the flexibility of choosing the specific sequence of voiced (vowel-sounds) and
unvoiced to be generated. Given the aforementioned goal of obtaining a fully



Application to Audio Laughter Synthesis 91

functioning TTS system generating laughter alongside speech, another advan-
tage of our system is not only to synthesize naturalistic human-like laughs,
but also to do it in a speech context. This will allow a later integration in a
fully functioning speech and laugh synthesis system as planned.

6.3 Dataset

In order to apply the transfer learning approach described above, the data
used are formed of subsets of a proprietary dataset recorded by Acapela and
of the AmuS dataset [30] were taken.

Acapela’s dataset was recorded to build a narrating framework to construct
book recordings from transcriptions. It contains phonetically rich sentences
uttered by a male actor in US English. The actor was asked to utter a set of
the sentences in 8 style classes. For the purpose of this work, only the audio
recordings of the neutral style were kept along of the corresponding transcrip-
tion with a total of 150.50 minutes (3299 utterances) of speech data.

The AmuS dataset contains recordings of amused speech components such as
smiled speech, laughs and speech laughs. For this work, the laughs coming
from the speaker with the most laughs (SpkB).

In this dataset, the purpose of these laughs were to be inserted in speech in
order to create amused speech which suites well with the goal of generating
laughs alongside speech as mentioned above. So in order to record these, the
subject was asked to watch funny stimuli while sustaining a vowel, until even-
tually laughter occurred naturally interrupting the vowel. This would allow us
to collect laughs with transitions from vowels. We thus have at our disposal
laughter occurring in three vowel contexts: [a], [e], [i] (French International
Phonetic Alphabet (IPA) symbols). Table 6.1 breaks down amount of data
available.
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Vowel [a] [e] [i] Total

number of samples 54 33 25 112

duration (sec) 101 63 38 202

Table 6.1. Quantity of laughs per vowel context.

Isolated laughs are sequences of voiced and unvoiced sounds. In AmuS, the
laughs were segmented and each segment given a label corresponding to a
voiced or unvoiced categories.

It is these label sequences and the corresponding laughter audio signals that
were used to train our systems.

The annotation of laughter in AmuS dataset is as follows:

• ’[a,e,i]Block’: Voiced part of laugh - [”a”, ”e”, or ”i”] sound occuring but
blocked or cut to utter the following sound;

• ’[a,e,i]L’: Voiced part of laugh - [”a”, ”e”, or ”i”] sound;

• ’[a,e,i]N’: Sustained vowel [”a”, ”e”, or ”i”];

• ’[a,e,i]Up’: Voiced part of laugh - [”a”, ”e”, or ”i”] sound, following
”[a,e,i]N” with increasing pitch;

• ’highPitched’: Voiced part of laughter - sound not very distinguishable
with high pitch;

• ’inh(L)’: inhalation (following laugh);

• ’UnvoicedChuckles’: Unvoiced chuckling laughter;

• ’pulse(In)’: Unvoiced part of laughter (at the beginning);

• ’short’: Voiced part of laughter - sound not very distinguishable;

• ’sil’: No sound;

• ’silentLaugh’: laughter occuring but silent.
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Figure 6.1. Block diagram of the proposed method for model adaptation.

6.4 Seq2seq Audio Laughter synthesis

Figure 6.1 shows a block diagram of the procedure proposed for model adap-
tation and waveform correction with MelGAN.

6.4.1 System description

Nowadays, one of the major techniques for Text-to-Speech synthesis are deep
learning architectures based on the sequence-to-sequence (seq2seq) principle.
It consists of an encoder-decoder setup with an interface between the two
components called Attention Mechanism whose role is to model the alignment
between input and output sequences. Well known seq2seq TTS systems are
Tacotron [111], Char2wav [91] and DCTTS [93]. In this work we adapted
DCTTS model for audio laughter synthesis using an open implementation
available online1.

In this work, the input sequence is composed of speech phonemes and laugh-
ter annotations described in Section 6.3. We use festival [7] to extract cmu
phones from transcriptions in the Acapela dataset and the speech part of
AmuS dataset. The output sequence is a mel-spectrogram. A second part of

1https://github.com/CSTR-Edinburgh/ophelia

https://github.com/CSTR-Edinburgh/ophelia
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DCTTS, trained separately reconstruct a full resolution magnitude spectro-
gram from the mel-spectrogram to be inverted to a waveform using Griffin-Lim
algorithm [38]. For more details about these, see [93].

The DCTTS system is first trained with the two merged datasets. Then do-
main adaptation is performed by fine-tuning the model with the subset of the
data containing the voice of AmuS with both speech and laughters.

6.4.2 Waveform correction with MelGAN

To generate the waveform from acoustic features, it has been shown that
neural audio synthesizers achieve better quality in terms of naturalness [71,
46]. However it is generally a challenge to design and optimize such mod-
els efficiently to reach the expected results described in the literature. They
also often loose generalization properties compared to signal processing based
vocoders, as they are often speaker dependent.

MelGAN [54] is a recently proposed model that tackled the problems of effi-
ciency and generalization across speakers. The model is non-autoregressive,
fully convolutional and smaller then previous ones.

In this chapter we use MelGAN as a waveform corrector. The laughter wave-
form is first synthesized by the system described in Section 6.4.1. This wave-
form contains artifacts due to the Griffin-Lim estimation. Then we apply
analysis and synthesis with MelGAN to obtain a corrected waveform that we
show is better in terms of perceived naturalness.

6.5 Evaluation

6.5.1 Perception Tests

For the perception test, we gathered the samples from these different methods:

• Method 1: laughter samples from AmuS dataset unmodified;
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• Method 2: synthesis based on the HMM-based speech synthesis system
(HTS) equivalent to the one used in [27];

• Method 3: seq2seq model (seq2seq-GL) trained on Will speech dataset
and AmuS speech and laughter data with adaptation as described in
Section 6.4.1;

• Method 4: same seq2seq model as method 3 along with the proposed
MelGAN waveform correction (seq2seq-MelGAN).

Method 1 is there to have a reference as real laughter do not achieve perfect
scores. It gives therefore a topline of naturalness for the different method. A
listening test (MOS test) was performed to evaluate the naturalness of the
synthesized samples of the methods. The MOS test was implemented as a
web experiment with turkle2, which is an open-source web server equivalent
to Amazon’s Mechanical Turk that one can host on a server or run on a local
computer.

The samples were presented to the listener in a random order one by one. He
could listen to each sample as much times as needed. The listener was asked
to rate each samples in terms of naturalness a 5-point Likert scale with the
following labels:

• 5 - very natural;

• 4 - natural;

• 3 - fairly natural;

• 2 - unnatural;

• 1 - very unnantural.

The definition of naturalness for speech and laughter could be interpreted
differently during evaluation. When rating laughter, the listeners could rate
the acting quality instead of human-likeness. As a component of not natural
can be ”fake” or ”simulated” laughter instead of synthetic. We thus added an
explanation of the meaning of natural after the question: ”How natural does
the laugh sound ? By natural, we mean that the audio sounds human-like.”

2https://github.com/hltcoe/turkle

https://github.com/hltcoe/turkle
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Female Male Sum

[20,40[ 7 13 20

[50,65[ 1 3 4

Sum 8 16 24

Table 6.2. Number of participants by gender and age range (in years).

#ratings MOS std

HMM 407 2.64 1.02

seq2seq-GL 431 2.50 1.09

seq2seq-melgan 429 3.28 1.06

original 429 4.10 0.91

Table 6.3. Number of collected ratings, MOS scores and their standard deviation
for each method.

Twenty four listeners completed the perception tests. They were composed of
16 males and 8 females (see Table 6.2).

6.6 Results

6.6.1 Quantitative Analysis

A total of 1696 answers were collected. Table 6.3 gathers the number of ratings
for each method, the resulting MOS scores and their standard deviation.

Figure 6.2 shows the distributions of the ratings as boxplots. Figure 6.3 shows
the percentage of scores chosen for each method. Original samples of the
dataset reach a MOS score that is below 5 as listeners do not rate all original
samples as perfect. There is a quite high variance, that is close to one for all
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Figure 6.2. Boxplots of scores distributions of the different methods. The green
lines correspond to the Mean Opinion Scores.

methods, which was also the case in [107].

Although MOS tests are never executed exactly the same way, it is interesting
to analyse the contribution of the different blocks in the degradation of the
MOS scores of the experiments of this work with [107] and [54]. In [107], the
authors compared different variants of HMM-based laughter synthesis. In [54],
a comparison of MelGAN vocoder to Griffin-Lim algorithm for speech synthe-
sis is provided.

In [54], for seq2seq TTS, Griffin-Lim is responsible of a large part of the dis-
tortion leading to a loss of 2.95 MOS points compared to original samples.
MelGAN offered a gain of 1.77 points of MOS over Griffin-Lim algorithm. In
this work, the MelGAN waveform correction offered a gain of 0.78 points of
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Figure 6.3. Score distributions of the different methods.

MOS. It is important to highlight the fact that training MelGAN directly on
generated spectrograms will likely improve these results over this waveform
correction by analysis-resynthesis with a pre-trained MelGAN model.

In [107], the distortion caused by the vocoder is of 0.8 compared to original
samples. Their best synthesis solution is 0.6 points below that, and there-
fore 1.4 below original samples. In this work, the HMM approach is 1.46
below original samples which is close to their results. In [8], the authors con-
firm that HMM-based laughter synthesis have significantly lower quality than
copy-synthesis with several vocoders. The seq2seq-melgan method is our best
solution and still has potential of improvement.

Figure 6.4 shows the evolution of the MOS score depending on the duration
of the samples. In all techniques, we can observe a trend of an increasing
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Figure 6.4. MOS Scores evolution depending on sample durations by taking inter-
vals of 0.2.

score when the laughters last longer. This phenomenon was commented by
the participants of the listening test as explained in the section hereafter.

6.6.2 Qualitative Analysis

A part of the participants were asked to explain the different characteristics
that, according to them, made them rate high or low. Some important com-
ponents of laughter were specific noises that people make when laughing and
were perceived as especially natural: the inhalation at the end of the laughs,
little coughs or noise to clear its voice, noise of someone trying to breath.

A monotonous prosody decreases the naturalness. Having several variations in
pitch and duration in a laugh was perceived as more natural. Laughs sounding
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like a repeated sequence were perceived as robotic whereas laughs containing
more randomness were perceived more natural.

Also the duration of laughter seemed important. Some participants reported
that short laughter were harder to evaluate as they thought it could be real
laughter but very short to be able to do the distinction. For others, the nat-
uralness is increased when the duration increase as very short laughters seem
unlikely. One participant stated however that some laughters seemed too long
to be natural. A progressive diminution of laughter loudness was perceived as
more natural than an abrupt end of laughter.

Different noises generated in the samples were perceived as annoying and de-
creased the perceived naturalness. Some participants described them as some-
thing virtual, low sound quality or robotic.

The fricatives in HMM based synthesis was perceived as too pronounced white
noise. The end of HMM laughs were perceived as too abrupt. It is well known
that HMM synthesis sounds buzzy. It was also described as containing ”weird
vibrations”. The noise within seq2seq-GL samples were described as acute
trebles and metallic. We believe this is mostly due to Griffin-Lim algorithm
that is known to produce metallic-sounding audio.

6.7 Future Works

This system is meant to be integrated in a full TTS system in which the level of
amusement in speech can be controlled [24], speech-laugh could be generated
and laughter can be synthesized interrupting or accompanying speech. We be-
lieve several modifications could improve the acoustic quality of the synthesis.
First end-to-end training could help concerning the accumulation of errors of
several blocks: the seq2seq system and the vocoder.
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6.8 Conclusions

A new approach of Audio Laughter Synthesis based on seq2seq learning was
proposed inspired by the evolution of TTS field. We propose to train a deep
learning system to synthesize speech and laughter from transcriptions by aug-
menting the input of phonemes with laughter annotations. This method lever-
ages transfer learning of patterns between annotations and acoustic features
of both worlds.

We show that using a pre-trained MelGAN model as a post waveform correc-
tor allows the removal of audio artifacts generated by Griffin-Lim algorithm.

The goal of this Chapter was not to give a thorough comparison of HMM and
DNN methods, as audio quality of these are already well studied in the state
of the art [114, 113], but rather propose a method that is better than current
state of the art and in line with current speech technologies. This results in
a strong improvement over past methods of audio laughter synthesis in terms
of naturalness and is promising for synthesizing speech-laughs thanks to a
consistency with latest speech synthesis technologies using seq2seq approaches.
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This chapter is part of the last of the 4 main tasks of the thesis work plan
described in Section 1.2, i.e., controlling an expressive speech synthesis system
with a representation of emotional expressiveness.

State of the art in speech synthesis allows generation of almost human sound-
ing speech and also allows some control on the style. However the impact
of such control on the perception between styles is not well known. Are the
control variables useful and do they control what we expect ?

In this chapter, we propose a method to evaluate the impact of control vari-
ables on the perception of the speech style through a perceptual analysis.
We train a speech synthesis system with different discrete style categories and
study its ability to interpolate continuously between neutral speech and styled
speech with an intensity control variable. We then measure the effect of this
interpolation of control variables on the perception of speech through listening
tests.

The results show that despite being trained with discrete categories encoded
as one hot vectors, it is possible to synthesize utterances that are perceived as
intermediate levels of intensities between neutral and styled speech.

7.1 Introduction

In Human Agent Interaction (HAI), one of the main task is Text-to-Speech
synthesis allowing the agent to communicate information to the user. In re-
cent years, many TTS systems have been successfully developed through deep
learning algorithms, leading to a synthesis very close to natural human speech.
This problem being solved, the interest towards controlling the style of syn-
thesized speech have grown [112, 90].

Some systems able to build latent representations of styles [45, 90] have been
successfully developed. These systems are able to interpolate in the space of
this representation. For this purpose, these systems need to be trained on
a large amount of very diverse data in terms of speakers and styles that is
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expensive to collect.

In this chapter, we study the capabilities of a Deep Learning-based Speech
Synthesis system to synthesize different intensities of style while being trained
with a reduced dataset made of six distinct style categories.

The effects of such control on the perception of the style by humans are not
well known. The typical test to evaluate the synthesis subjectively being a
MOS test that only takes the naturalness into account.

In this chapter, we aim to study the perception of style interpolation of our
controllable TTS system. The chosen metric is based on comparison of pairs
of synthesized utterances.

7.2 Dataset

The dataset used in this work was recorded by Acapela Group SA. It con-
sists of recordings of a male english-speaking actor that was asked to read
predefined sentences with different styles: neutral, happy, sad, bad guy, from
afar, whispering, old man. For every style, recordings contain approximately
2 hours of speech. For more details, see the description in Chapter 3.

7.3 Model

The system consists of a multi-style TTS system able to control the intensity
of a given style category. It is a modified version of DCTTS [93], a Deep
Learning-based TTS system. In the modified version, it takes an encoding of
the category at the input of the encoder. During training, a simple one-hot
encoding is used, i.e., a code of 7 dimensions corresponding to the different
styles. A 0 is assigned to all dimensions except for the style for which a 1 is
assigned.



106 Perceptual Analysis of Controllable Speech Synthesis

Hello world !

0
1
0

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0
1

0000 0000

{
{

Happy

a b c d w x y z

Embedding table

h e l l o ...

Figure 7.1. Input for multi-style TTS : the characters are encoded in a matrix of
N columns of size e via an embedding table like in the original version.
In this version, the style is encoded as a one-hot vector and broadcast-
concatenated to the encoded input text. In this Figure, e = 5 and the
number of styles would be 3. In the real system, e = 128 and the number
of styles is 7.

The procedure to obtain the input is represented in Figure 7.1. The text is
represented with a sequence of N characters, each one embedded in a column
vector of size e. Therefore, it is a matrix of shape (e,N). The 7-d style
vector is repeated N times to have a matrix of dimensions (7, N). These two
matrices are concatenated to have a matrix of shape (e + 7, N). And this
matrix is fed to the rest of the architecture. In other words, the style vector is
broadcast-concatenated to the transcription embedding. At synthesis stage, we
can modify the intensity of a style category by interpolation between codes.

7.4 Analysis of the Impact of Control Variables on Style
Perception

We want to know whether the model is able to interpolate intensities without
having seen intermediate styles in the database. In this experiment, we in-
terpolate between neutral and each style. Only the number corresponding to
neutral and the category with which we interpolate are non-zero. The sum of
the numbers of a code is one.
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A fictive example of code to have fairly angry speech with three categories
(neutral, happy, angry) would be [0.3, 0, 0.7]. We will call control variable
the number corresponding to the non-neutral category, i.e., 0.7 in this example.

To study the relationship between the control variables and the perception
of styles in synthesized utterances, listening tests have been performed. The
subjective task for a human of assigning an absolute value of intensity to a
subjective concept is not very accurate. Humans are on the other hand bet-
ter to compare and classify elements. This is related to the ordinal nature
of emotion. In [117] the authors advise to design tests with a comparison of
pairs of elements. In Speech Evaluation, the first method corresponds to MOS
listening test and the second one corresponds to CMOS listening test (or AB
test).

CMOS test allows the comparison of two systems by comparing many pairs of
files. The result gives a score quantifying to what extent System 1 is better or
worst than System 2. However it can not be used to analyze the relationship
between a control variable and the subjective evaluation of a criterion such as
naturalness or perceived emotion intensity. However comparing lots of pairs
of audio files with a given intensity can give a ranking and a score for each
intensity.

In this work, we use this kind of score and we analyze its correlation with
control variables to observe their effect on the perception of styles.

The database contains a neutral category and six other styles. For each
style, we synthesize five different utterances from the standard Harvard sen-
tences [85]. These are synthesized with five different intensity levels: 0, 0.25,
0.5, 0.75 and 1. This makes a total of 150 synthesized files. The number of
pairs within a style is the number of combination of two elements among five:

nCk =
n!

k!(n− k)!
=

5!

2!(3)!
= 10 (7.1)



108 Perceptual Analysis of Controllable Speech Synthesis

Figure 7.2. Template of question of the listening test.

For 6 styles, 5 sentences and 10 pairs of intensity levels, there is a total of 300
pairs.

The listening test was implemented with the help of turkle1 mentioned in
Chapter 6, an open-source Mechanical Turk platform (similar to Amazon Me-
chanical Turk) that can be run locally. It leverages the possibility to design a
template task to be done on a series of cases, ask participant to solve them,
and record results automatically in a database. The template task designed
for this listening test is illustrated in Figure 7.2. In each task, the participant
has to select between: [’A’, ’B’, ’Neither’, ’They sound equally style’].

To ensure the absence of information about style in the system, the filenames
were generated randomly, the order of the audio files in a task is randomized,
and the order between the pairs shown in tasks is randomized. Each task of
the listening test will show a pair of sentence. The question is ”Which sample
sounds more style, A or B ?”.

1https://github.com/hltcoe/turkle

https://github.com/hltcoe/turkle
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Figure 7.3. 2D Histogram of the number of associations between accumulated scores
representing the perception of the intensity level of the style and control
variables. From top to bottom, each line correspond to Subject 1 to 3
respectively. The y-axis is the accumulated score from 0 to 4. The
x-axis is the control variable. The color correspond to the number of
times a participant associated x to y.

Each file will appear in 4 comparisons for each listening test. For each com-
parison, a score of 1 is assigned to the winner and 0 to the looser. If equal is
selected, 0.5 will be attributed to both files. If neither is selected, a score of
0 will be assigned to each file. For each file, the scores are then summed to
obtain a score representing the perceived intensity of the style.

In the ideal case in which the control variable would exactly correspond to
the perception of the participant, the scores corresponding to the intensities
0, 0.25, 0.5, 0.75 and 1, would be 0, 1, 2, 3 and 4, respectively.

7.5 Results

To visualise the relationship between the perceived intensities and the control
variables, we show a 2D histogram of the values of both variables by category
and by subject in Figure 7.3. To quantify this relationship, we compute the
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Table 7.1. Pearson Correlation Coefficient between control variables and perceived
intensities by subject and by category

bad happy loud old whisp. sad Overall

Subject 1 0.862 0.914 0.953 0.931 0.913 0.947 0.913

Subject 2 0.839 0.942 0.917 0.948 0.924 0.881 0.904

Subject 3 0.944 0.946 0.929 0.929 0.930 0.900 0.929

Pearson Correlation coefficient between these two variables (Table 7.1).

The listening test was done on three participants. An expert in the field famil-
iarized with the content of the database and the synthesis system (Subject 3)
and two other people: one female (Subject 1) and one male (Subject 2). It has
been proven empirically that there is a relationship between representational
variability of a listener and its ability to perceive synthetic speech [2].

The study is done on three participants, which is not much. The fact that the
results of the three participants are similar tends to indicate that it does not
vary too much. However, the conclusions of this study should be taken with
care.

An estimation of the mean and standard deviation of the Pearson Correlation
Coefficient between the intensities and a random choice can be computed. We
sample 150 elements of a uniform discrete distribution and compute the Pear-
son correlation coefficient. By repeating this n times with n = 10000, we have
a distribution with a mean of 0 and standard deviation of 0.081.

This result shows that the perception of style is highly correlated to the control
variable of the DNN and that the DNN is able to successfully interpolate
between styles even though it was trained on 0 and 1 labels.
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7.6 Conclusions and Future Works

This chapter studies the ability of a Deep Learning-based System to synthe-
size speech and interpolate an intensity of style while being trained on specific
categories with one-hot labels. The results show that a listening test based on
comparison of pairs of audio files synthesized with different intensities of style
lead to a perception score highly correlated to the intensity initially used for
the synthesis.

The proposed system is thus able to interpolate between neutral and a specific
style, i.e., to control the intensity of this style. However intermediate levels
seem difficult to distinguish compared to extreme ones. Indeed more confusion
can be observed in these intermediate levels.

Also, trying to interpolate between different styles results in unnatural speech.
We believe that this is because the encoding based on one hot encodings is
not adapted to model the relationships between the styles.

To overcome this problem, a latent space designed to represent the variabil-
ity could result in a more general interpolation technique between styles. A
similar study could then be performed on synthesized utterances. The use
of a VAE could be a possibility to improve the interpolation in intermediate
levels. This framework has the property to improve generalization by forcing
a continuous distribution of encodings.
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2019-1426. url: http://dx.doi.org/10.21437/Interspeech.2019-
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This chapter is part of the last of the 4 main tasks of the thesis work plan
described in Section 1.2, i.e., controlling an expressive speech synthesis system
with a representation of emotional expressiveness. Inspired by the results of
Chapter 4, this information is extracted from Deep Learning architectures.

The field of TTS synthesis has experienced huge improvements last years ben-
efiting from deep learning techniques. Producing realistic speech becomes
possible now. As a consequence, the research on the control of the expres-
siveness, allowing the generation of speech in different styles or manners, has
attracted increasing attention lately. Systems able to control speech synthesis
have been developed and show impressive results. However the control pa-
rameters often consist of latent variables and remain complex to interpret.

In this chapter, we analyze and compare different latent spaces and obtain
an interpretation of their influence on expressive speech synthesis. This will
enable the possibility to build controllable speech synthesis systems with an
understandable behaviour.

8.1 Introduction

During the last few years, many Text-to-Speech systems based on Deep Learn-
ing were developed and showed remarkable performance in terms of reliability
and quality of speech. Lately, researchers in this area have been focusing on
controlling the speech variability of this kind of systems.

An issue for such a control is the lack of data labeled with information such
as emotion or style. Emotion modeling is thus one of the main remaining
challenges in the aim of developing more natural human-machine interfaces.
Two main approaches exist to model emotions.

A first representation is the categorical representation, such as Ekman’s six
basic emotions model [22] which identifies anger, disgust, fear, happiness, sad-

https://doi.org/10.21437/Interspeech.2019-1426
https://doi.org/10.21437/Interspeech.2019-1426
http://dx.doi.org/10.21437/Interspeech.2019-1426
http://dx.doi.org/10.21437/Interspeech.2019-1426
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ness and surprise as six basic emotions from which the other emotions may
be derived. Some speech datasets are annotated in emotional categories. This
kind of datasets allows the development of category-based emotional TTS as
in Chapters 5 and 7 or in [59]. The disadvantage of such a simple annotation
is that they do not offer a continuous representation of emotion.

Emotions can also be represented in a multidimensional continuous space like
in the Russel’s circumplex model [86]. This modeling approach better deals
with the complexity and the variations in the expressions, unlike the category
system. The two most commonly used dimensions in the literature are the
arousal, corresponding to the level of excitation and the valence correspond-
ing to the pleasure level or positiveness of the emotion. In datasets [14, 13]
annotated in emotional dimensions, for each utterance, the final emotion value
were obtained by averaging over all annotated results from raters.

However they are not suitable for synthesis purpose. Indeed, although the data
is well recorded and post-processed, it contains overlapped speech segments
due to the data recording setup (dyadic conversation) and some external noise.
Moreover, humans are not reliable for giving absolute values to estimate sub-
jective emotional variables [66].

Moreover, in the field of psychology, it is difficult to find a consensus1 about
the best way to portray emotion, e.g., the often used valence-arousal model
has not been well verified, isolated and little reproduced. In this Chapter, the
approach is thus oriented towards styles and vocal characteristics.

As mentioned in Chapter 4, some researchers tackled the problem of how to
capture emotional representation by training systems on other tasks, leading
to different approaches employing transfer learning techniques.

To achieve controllable expressive speech synthesis, recent researches have
proposed supervised techniques based on prosody features and unsupervised

1https://www.theguardian.com/books/2020/sep/25/im-extremely-controversial-the-
psychologist-rethinking-human-emotion
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techniques avoiding the problem of labels. Different approaches are explained
in the following section.

8.2 Related work

A task related to controllable expressive speech synthesis is the task of prosody
transfer for which the goal is to synthesize speech from text with a prosody
similar to another audio reference. A common characteristic of both tasks
is the need for a representation of expressiveness. However, for controllable
speech synthesis, this representation should be a good summary of expressive-
ness information, i.e., they should be interpretable and in a reduced number
of dimensions. For prosody transfer, the representation should be as accurate
and precise as possible. In this section we give an overview of different sys-
tems for both tasks and situate our approach in the field. Some works analyze
systems for both tasks while others focus on one of them.

In [90], the authors present a prosody transfer system extending the Tacotron
speech synthesis architecture. This extension learns a latent embedding space
by encoding audio into a vector that conditions Tacotron along with the text
representation. These latent embeddings model the remaining variation in
speech signals after accounting for variation due to phonetics, speaker iden-
tity, and channel effects.

In [50], the authors propose a supervised approach that uses a time-dependent
prosody representation based on F0 and the first mel generalized cepstral co-
efficient (representing energy). They use a dedicated attention module and a
Variational Auto Encoder (VAE) to be able to concatenate this information
to linguistic encodings. This allows for a fine-grained prosody transfer instead
of a sentence level prosody information.

CopyCat [47] addresses the problem of speaker leakage in many-to-many prosody
transfer. This problem occurs when the voice of the reference sample can be
heard in the resulting synthesized speech while it should only transfer prosody
and not speaker identity. They are able to reduce the phenomenon with a
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novel reference encoder architecture that captures temporal prosodic repre-
sentations robust to speaker leakage.

Concerning controllable speech synthesis, [1] proposed to use a VAE and de-
ploy a speech synthesis system that combines VAE with VoiceLoop [94]. Some
other researches have then used the concept of VAE [43, 40] for controllable
speech synthesis. In [43], the authors combine VAE and GMM and call it
Gaussian Mixture Variational Autoencoder (GMVAE). For more details con-
cerning the different variants of such methods, an in-depth study of methods
for unsupervised learning of control in speech synthesis is given in [40]. These
works show that it is possible to build a latent space leading to variables that
can be used to control the style of synthesized speech.

In [112], the authors show an example of spectrograms corresponding to a
text synthesized with different rhythms, speaking rates and F0. However these
works do not provide insights about the relationships between the computed
latent spaces and the controllable audio characteristics.

Different supervised approaches were also proposed to control specific char-
acteristics of expressiveness [88, 83]. In these approaches, it is necessary to
make a choice of control parameters, a priori, such as pitch, pitch range, phone
duration, energy, and spectral tilt. This reduces the possibilities of the con-
trolability of the speech synthesis system.

In this chapter, we aim to build latent spaces from an audio dataset containing
different speech styles. We want the latent spaces to be useful to control a
speech synthesis system. We use typical feature selection techniques as a way
to compare the different embedding types in terms of style discrimination abil-
ity. We then study relationships between each latent space and audio features
to investigate the remaining variability that could be used to control speech
generation.

For this purpose, we compare three latent spaces computed by training deep
learning-based systems on three different tasks:
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• Style classification;

• Speaker classification;

• Text-to-Speech with a Style Encoder.

With the use of a learned latent space, it has been shown that it is possible
to generate consistent styled speech by varying their values. Thanks to the
analysis of this work, we will also know how the latent variables influence the
audio features and be able to control them as we want.

8.3 Dataset Used

In this work, we experiment with two of the datasets described in Chapter 3.
The dataset used in Section 8.4 and 8.5 is a proprietary dataset of ACAPELA
GROUP SA. It is constituted on a set of very different styles.

The dataset used in Section 8.6 comes with a segmentation in sentences with
their corresponding audio. But as the speaker often changes its voice style in
different breath groups, we segmented it in voice groups. Phonetic transcrip-
tions were first extracted. Then we used forced alignment on the dataset to
have the timing of phonemes and pauses. Then the dataset was segmented
further thanks to the pauses in breath groups.

8.4 Embedding Computation Systems

In this section, we describe the workflow of embedding computation. The
three tasks used to generate embeddings are: Style Classification, Speaker
Classification and TTS with style encoding. Figure 8.1 illustrates how the
data is used to train the different systems. To make a fair comparison among
the three tasks, we restrict the resulting embedding to a 8-dimensional vector
for each task
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Figure 8.1. Diagram of three embeddings computations systems. From top to bot-
tom: the first system is trained to predict the style label from a mel-
spectrogram. The last layer before classification is the latent space and
can be visualized in 2D after dimensionality reduction. The second one
works in two steps. It is first trained to predict the speaker label of
a dataset constitued with many speakers with neutral voice. Then at
inference we forward pass mel-spectrograms of other styles. The latent
space will show an intra-speaker variance. That is again visualized in
2D. The last system is a combination of an audio encoder trained along
with a TTS system. The last layer of the audio encoder is concatenated
with text information and passed to the TTS system. The latent space is
thus intended to represent variation in the audio that is complementary
to text information.

8.4.1 Style Classification System

The classification system is an LSTM-based DNN trained to predict the style
category from audio features. The DNN consists of three LSTM layers (512,128
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and 64 cells in layers 1,2 and 3, respectively) and a fully connected 8D embed-
ding layer. The input is 80-bin mel-spectrogram of utterances. The generated
embeddings capture discriminative information related to the class it belongs
to. In our case, the classes refer to the 8 styles of Will voice.

Similar to [45], training utterances are firstly segmented into fixed length seg-
ments without silence and the embedding from the last frame is taken as the
style embedding of the considered segment.

In experiments, we tried different segment lengths and found out that a length
of 800 ms gave the best classification performance. In evaluation stage, we feed
the whole utterance to the DNN to get the corresponding style embedding.
In contrast with the speaker verification model in [110], our style classifier di-
rectly uses style labels to compute loss without calculating the cosine similarity
matrix. As our interest is to investigate latent embeddings that help to design
an expressive speech synthesis system, the priority is to have embeddings that
contain useful emotional or style information, the style classification accuracy
becomes then a secondary target. Even tough it was not the main purpose,
the accuracy on style classification reached the impressive score of 97% on the
800 unseen utterances (100 utterance per style).

8.4.2 Speaker Classification System

As in Section 8.4.1, the speaker classification system is also an LSTM-based
DNN. Here we use four stacking LSTM with the following architecture:
512/512/512/64 cells in layers 1, 2, 3 and 4, respectively and an 8D embedding
layer.

In this case, the system is trained to predict the speaker identity from audio
features. The speaker classifier is trained with the voice of 276 speakers in-
cluding the neutral subset of Will voice, the other styles of Will are not used
during training.
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The dataset is composed of speakers of 32 languages, and different ages (child
to elder people), gender and personality as well. We would expect the em-
beddings generated from such a speaker classifier to reflect information of not
only language, age, gender associated, but also prosody associated. Same as
the style classification system, utterances are firstly segmented into 800 ms
segments without silence in the training stage, and the full utterance is fed to
the classifier to get its embedding vector from the last non-silent frame.

8.4.3 TTS System with Unsupervised Style Encoding

Figure 8.2. Block diagram of the system.

The system is a Deep Learning-based TTS system trained to predict a spec-
trogram from characters that was modified to enable a control on acoustic
features through a latent representation. The basis system is DCTTS [93].
Figure 8.2 shows a diagram of the whole system. The DCTTS system is
constituted of the InEnc and the Attention-based decoder that encompasses
MelEnc and MelDec, as explained in Section 2.11.

For the latent space design, the StyleEnc network was added. It consists of a
stack of 1D convolutional layers similar to the MelEnc, followed by an average
pooling. This operation enforces to encode time independent information. It
can thus contain information about statistics of prosody such as pitch aver-
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age, average speaking rate, but not pitch evolution. The latent vector at the
output is the representation of expressiveness. This vector is then broadcast-
concatenated. For the latent vector, we chose a dimension of 8 to be relatively
small compared to mel-spectrogram size (80 bins).

There are two modules trained separately: Text2Mel and SSRN. Text2Mel
performs the mapping between character embeddings and a mel-spectrogram,
then the second module SSRN does the mapping between the mel-spectrogram
and full resolution spectrogram. Finally, Griffin-Lim algorithm is used as a
vocoder.

8.5 Audio Analysis and Interpretation of Latent Spaces

The latent representation should be linked to the style information. This
is assessed in Section 8.5.1. We use typical feature selection techniques as
a way to compare the different embedding types to evaluate their ability to
discriminate between styles.

Latent spaces computed in Section 8.4 should be useful to control a speech
synthesis system. The goal is thus to have a latent space that has interpretable
relationships with audio features that can be used to control speech generation.

This is investigated in Section 8.5.2 through an analysis of the correlations
between audio features and a linear approximation of these features that uses
embeddings. In Section 8.5.3, we present a 2D visualization technique of these
relationships.

8.5.1 Style Classification score

Embeddings computed from the style classification system were trained to
have a high style classification score. Here we investigate the suitability of the
two other embedding types for a style classification task.

We compare the suitability of embedding types for classification using typical
feature selection methods that analyses the relationship between these embed-
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dings and the categories. The first is ANOVA (Analysis of Variance) F-value
(Table 8.1). The second is Mutual Information [77] that measures the depen-
dency between two random variables (Table 8.2) for a discrete target variable.
The method is based on entropy estimation from k-nearest neighbors distances.

As expected, the latent space based on style classification task have a better
scores. The advantage of the unsupervised TTS and the speaker classifica-
tion techniques is that a modeling of style can be obtained without labels
concerning the style. Compared to the speaker classification technique, the
unsupervised TTS technique performs better in terms of mutual information
and F-value.

Table 8.1. Analysis of Variance (ANOVA) F-value between embedding dimensions
and style categories in ascending order (higher is better).

Unsup-TTS Style Speaker

2430 75931 417

6770 77273 746

7037 89641 791

9156 94692 828

9510 107553 1284

11456 160017 1386

15468 197631 1533

16015 208180 3139

8.5.2 Relationship between the Embeddings and Audio Features

In this analysis, we study the relationship between the embeddings and eGeMAPS
feature set [33], presented in Chapter 4. This feature set was designed based
on their potential to represent affective physiological changes in speech.
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Table 8.2. Mutual information between embedding dimensions and style categories
in ascending order (higher is better).

Unsup-TTS Style Speaker

0.44 1.36 0.25

0.71 1.41 0.33

0.79 1.47 0.33

0.81 1.49 0.33

0.97 1.55 0.39

0.97 1.74 0.41

1.06 1.8 0.42

1.08 1.86 0.5

This analysis investigates which features describe best the remaining variabil-
ity in the data.

The procedure is the following:

• We approximate a linear function between each latent space and the
audio feature space with ordinary least squares linear regression. We
thus obtain a hyper-plan that approximate audio features from latent
embeddings.

• Then we estimate the correlation between predictions and ground truth
through the Absolute Pearson Correlation Coefficient (APCC).

In other words, we compute the APCC between each audio feature and the
best possible hyper-plan, in terms of least squares, of each latent space. To
summarize these results, Table 8.3 shows features with APCC > 0.5 in every
latent space.

8.5.3 Dimensionality reduction of latent spaces

In this section, we investigate the use of dimensionality reduction of latent
spaces previously computed. Reducing the latent spaces to two dimensions
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Table 8.3. APCC values between the best possible hyper-plan of each latent space
and audio features of the eGeMAPS feature set.

APCC Unsup-TTS Style Speaker

F0 mean 0.76 0.82 0.63

F0 percentile20.0 0.75 0.81 0.62

F0 percentile50.0 0.79 0.86 0.67

F0 percentile80.0 0.69 0.73 0.52

mfcc2 mean 0.73 0.77 0.65

mfcc4 mean 0.73 0.77 0.61

F1 freq mean 0.61 0.71 0.52

F2 freq mean 0.58 0.68 0.52

F3 freq mean 0.64 0.71 0.57

Alpha Ratio V mean 0.60 0.65 0.55

Hammarberg Index V mean 0.58 0.63 0.52

Slope V 0-500 mean 0.89 0.91 0.72

mfcc2 V mean 0.78 0.82 0.68

mfcc4 V mean 0.77 0.80 0.63

will enable the possibility to design an interface that allows its visualization
and its relationship with audio features.

To that aim, we use three different algorithms of dimensionality reduction:
Principal Component Analysis (PCA), t-distributed Stochastic Neighbor Em-
bedding (t-SNE) and Uniform Manifold Approximation and Projection (UMAP).
We then perform the same procedure of regression as in Section 8.5.2 to ob-
tain APCCs between each audio feature of Table 8.3 and the best possible
hyper-plan, in terms of least squares, of each reduced latent space.

The steps are the following:
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Figure 8.3. Gradient of the hyper-plan corresponding to the greatest slope.

• The mel-spectrogram is encoded to a vector of length 8 that contains
expressiveness information. This vector is computed for each utterance
of the dataset. We thus obtain an ensemble of 8D vectors.

• Dimensionality reduction is used to have an ensemble of 2D vectors in-
stead. Figure 8.4 shows a scatter plot of these 2D points. These points
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have a color corresponding to the style. That way we can assess that
points located in some region of the space correspond to a specific style.

• Then a trend is extracted for each audio feature. As an example, F0mean
is computed for each utterance of the dataset. We obtain therefore a
F0mean corresponding to each 2D-points (x, y) of the scatter plot.

• We approximate the plan F0 = f(x, y) = ax+ by + c.

• To assess that this plan f(x, y) is a good approximation of F0mean, im-
plying a linear relation between a direction of the space and F0mean,
we compute the correlation between the approximations f(x, y) with the
ground truth values of F0mean.

• If we compute the gradient of the plan (which is in fact (a, b) ), we have
the direction of the greatest slope, that is plotted in black in Figure 8.3.

Table 8.4. APCC average for each pair (task, dimensionality reduction algorithm).

APCC

Unsup-TTS - PCA 0.564

Unsup-TTS - t-SNE 0.422

Unsup-TTS - UMAP 0.614

Style - PCA 0.480

Style - t-SNE 0.366

Style - UMAP 0.607

Speaker - PCA 0.512

Speaker - t-SNE 0.480

Speaker - UMAP 0.549

Table 8.4 shows the average APCC for each pair (task, dimension reduction
algorithm). For each pair, the gradients of hyper-plans approximating audio
features were computed. The higher average APCC corresponds to the pair
(Unsup-TTS, UMAP). The direction of the gradients corresponds to the di-
rection of the highest variation of a feature in the space. Figure 8.4 shows the
reduced embeddings of all utterances of the dataset and the directions of the
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Figure 8.4. Reduced latent space with directions of feature gradients. The latent
space is obtained by training a mel-spectrogram encoder together with a
Sequence-to-Sequence TTS system. Then dimensionality reduction (in
this case UMAP) is used for visualization. The clusters with different
colors correspond to different speech styles. The straight lines indicate
the directions of greatest variation of an acoustic feature obtained by
linear regression.

gradients for the pair (Unsup-TTS, UMAP).

This representation is useful in a perspective of developing an interface for
controllable speech synthesis system on which are represented the trends of
audio features in the space.
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8.6 Latent Space of Continuous Expressiveness
Variability

In this section, we study the control of the Unsup-TTS system, trained on a
dataset for a continuous control. The dataset is the Blizzard 2013 dataset men-
tioned in Chapter 3 based on audiobooks read by a female speaker containing
a great variability in vocal expressions and therefore in acoustic features.

8.6.1 Quantitative Analysis

Distortion analysis: a comparison with typical seq2seq

To compare the synthesis performance of the proposed method with a typi-
cal seq2seq method, we compare objective measures used in expressive speech
synthesis. These measures compute an error between acoustic features of a
reference and a prediction of the model. There exist different types of objec-
tive measures that intend to quantify the distortion induced by a system on
audio quality or prosody. In this work, we use the following objective measures:

• Mel Cepstral Distortion (MCD) [53] measuring speech quality: MCDK =

1
T

∑T−1
t=0

√∑K
k=1

(
ct,k − c′t,k

)2
• Voiced Decision Error (VDE) [69]: VDE =

∑T−1
t=0 1[vt 6=v′t]

T

• F0 MSE measuring a distance between F0 contours of prediction and
ground truth: F0 MSE = 1

T

∑T−1
t=0 (F0t − F ′0t)

2

• lF0 MSE, similar to previous one in logarithmic scale: lF0 MSE =
1
T

∑T−1
t=0 (logF0t − logF ′0t)

2

Some works use DTW to align acoustic features before computing a distance.
The problem with this method is that it modifies the rythm and speed of the
sentence. However computing a distance on acoustic features that are shifted
completely distorts the results, therefore, it is needed to apply a translation
on acoustic features and take the smallest possible distance. We thus report
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measures with DTW and with shift only in Table 8.5 for the original DCTTS
and Table 8.6 for the proposed Unsupervised version of DCTTS.

Table 8.5. Objective measures for the typical TTS system.

MCD VDE lF0 MSE F0 MSE

DTW 9.974 0.015 0.436 1219.129

shift 13.332 0.236 6.284 9481.103

Table 8.6. Objective measures for the proposed Unsupervised TTS system.

MCD VDE lF0 MSE F0 MSE

DTW 9.624 0.010 0.312 957.290

shift 12.676 0.218 5.839 8931.600

Feature selection

To visualize acoustic trends, it would be useful to have a small number of
features that gives a good overview. To extract a subset of the list, we apply a
feature selection with a filtering method based on Pearson’s correlation coeffi-
cient. The idea is to investigate correlations between audio features themselves
to exclude redundant features and select a subset.

The steps are the following:

• features are sorted by APCC in decreasing order;

• for each feature, APCC with previous features are computed;

• if the maximum of these inter − features − APCCs > 0.8, the feature
is eliminated;

• finally, only features that have a prediction−APCC > 0.3 are kept.
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These limits are arbitrary and can be changed to filter more or less features
from the list.

In Table 8.7, we show the results of the APCCs for Blizzard dataset and show
the plot of gradients. It can be noted that F0 median is the most predictable
feature from the latent space. The feature selection method highlight a set of
17 diverse features that have an APCC > 0.3.

Table 8.7. APCC values between the best possible hyper-plan of the latent space
and audio features of the eGeMAPS feature set.

APCC

F0 percentile50.0 0.723

mfcc1V mean 0.620

mfcc1 mean 0.555

logRelF0-H1-A3 mean 0.493

mfcc4V mean 0.492

HNRdBACF mean 0.483

F1amplitudeLogRelF0 mean 0.473

slopeV0-500 mean 0.420

StddevVoicedSegmentLengthSec 0.389

F3amplitudeLogRelF0 stddevNorm 0.361

mfcc2V mean 0.360

hammarbergIndexV mean 0.356

mfcc1V stddevNorm 0.351

loudness meanFallingSlope 0.350

loudness percentile20.0 0.341

loudness meanRisingSlope 0.323

F1frequency mean 0.318
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8.6.2 Qualitative Analysis

In this section, we follow the same procedure as in Section 8.5.3 to compute
the directions in which acoustic features increase with a linear approximation.
In Figure 8.5, we show a scatter plot of the reduced latent space with the
feature gradients. Each point corresponds to one utterance encoding and re-
duced to two dimensions. The color of these points is mapped to the values
of an acoustic feature to be able to visualize how the gradients are linked to
the evolution of the acoustic features. Two examples are shown for F0 median
and standard deviation of voiced segment length, i.e., the duration of voiced
sounds which is linked to the speaking rate.

We can observe that the direction of the gradients follows well the general trend
of the corresponding acoustic feature. As the correlation values indicate, F0

median has an evolution closer to a linear evolution in the direction of the
gradient rather than for voiced segment lengths standard deviation.

8.7 Conclusions

This chapter presents a methodology to build latent spaces related to style/emotion
in speech and visualize them along with their relationships with important au-
dio feature for a purpose of controllable speech synthesis.

To that aim, we compared three latent spaces computed by training deep
learning-based systems on three different tasks. We then examined the poten-
tial of these latent spaces for style classification to confirm that they contain
useful information for representing style.

We then studied relationships between each latent space and audio features to
obtain a sense of the impact of audio features on style expressed. This analy-
sis consisted in an approximation of audio features from embeddings by linear
regression. The accuracy of approximations was then evaluated in terms of
correlations with ground truth.
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Figure 8.5. Reduced latent space with directions of gradients of features. The color
of each point is the value of F0 median (top) and Voiced segment lengths
standard deviation (bottom).

The gradient of these linear approximations are computed to extract the infor-
mation of variations of audio features in speech. By visualizing these gradients
along with the embeddings, we observe the trends of audio features in the la-
tent space.
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This chapter is part of the last of the 4 main tasks of the thesis work plan
described in Section 1.2, i.e., controlling an expressive speech synthesis system
with information extracted from a Deep Learning architecture.

To make things practical, the results of previous chapter are used to imple-
ment an interface allowing a user to input a text, and select a region of a latent
space representing expressiveness.

ICE-Talk: ”an Interface for a Controllable Expressive Talking Machine” is an
open source1 web-based Graphical User Interface (GUI) that allows the use
of a TTS system with controllable parameters via a text field and a clickable
2D plot. It enables the study of latent spaces for controllable TTS. Moreover
it is implemented as a module that can be used as part of a Human Agent
interaction.

From this interface, an adaptation was developed to implement a perceptual
experiment aiming to assess the controllability of such a system. This exper-
iment studies if a user is able to find a sample with an expressiveness similar
to a reference inside the 2D interface.

9.1 Introduction and Motivations

Speech Synthesis is an important component of Human-Robot Interaction.
However as of today, expressiveness in speech generated by TTS systems is
under-explored in such interactions. The reason is the difficulty of accessing
the variables controlling speech expressiveness in a deep learning-based TTS
system.

To tackle this problem we propose a tool allowing the control of these variables
through a graphical interface, thus contributing to the democratization of the
use of DL-based TTS systems in HAI applications. The goal of this tool is to
be generic enough to be connected in any HAI application.

1https://github.com/noetits/ophelia

https://github.com/noetits/ophelia
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This interface allows for the control over the synthesis parameters of a DL-
based model through its latent space directly and intuitively in a graphical way.
It therefore allows the implementation of several interesting applications and
experiments such as listening tests for the evaluation of such systems thanks
to easy prototyping of experiments. An example of experiment is available.
This tool also enables the possibility of studying the impact of expressive
synthesized speech in Human-Robot interaction.

9.2 Related Work

As of today, there are some web interfaces allowing the use of DL TTS mod-
els2. They make it possible to write text, that is sent to the model and get
the synthesized speech as an audio object that one can listen. The text is
therefore the only control variable that we can access.

Recently, an interface3 that allows the selection of a reference audio file and
synthesize speech from text by imitating the voice of the reference [45] was
developed. It is however not possible to interact with a latent space represent-
ing acoustic variability. In this chapter, we describe a web interface capable
of visualizing and exploring a space of voice expressiveness and synthesize
corresponding expressive speech.

9.3 Description of ICE-Talk

9.3.1 System architecture

Figure 9.1 depicts the different components of the system architecture. It is
constituted of a DL unsupervised TTS model trained on an expressive dataset
(see Section 9.3.2). To make the model available as a web service and com-
municate information of text, audio and style between the web interface and
the TTS model, the Falcon Web framework4 is used. Falcon bridges the gap

2https://github.com/keithito/tacotron
3https://github.com/CorentinJ/Real-Time-Voice-Cloning
4https://falcon.readthedocs.io/en/stable/

https://github.com/keithito/tacotron
https://github.com/CorentinJ/Real-Time-Voice-Cloning
https://falcon.readthedocs.io/en/stable/
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between a python code and a web interface, allowing the use of Deep Learning
frameworks through a web application.

Figure 9.1. System architecture.

9.3.2 Deep Learning Unsupervised Model

As a use case, we use a modified version of DCTTS [93], a state-of-the art
Deep-Learning Sequence-to-Sequence (seq2seq) model with an output control-
lable through a Latent Space designed to represent variations in voice style as
described in Chapter 8.

A TTS seq2seq model typically consists of an encoder-decoder structure. Text
is encoded as a latent representation that is then decoded with an attention
based decoder to predict a mel-spectrogram later inverted to an audio wave-
form.

To obtain a voice style representation, a mel-spectrogram encoder is added.
It consists of a stack of 1D convolutional layers, followed by an average pool-
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ing. This operation ensures to obtain time-invariant information. It can thus
contain information about statistics of prosody such as pitch average, average
speaking rate, but not a pitch evolution.

9.3.3 Web Interface

The interface, shown in Figure 9.2, contains a 2D representation of a latent
space which is an internal representation of the data distribution by the net-
work. This 2D representation is obtained via a dimensionality reduction ap-
plied to the highly dimensional latent space of the system. The interface also
contains a text box for the system’s input and an audio player for the system’s
output.

The latent space represents the distribution of some control parameters (the
expressiveness for instance) of the output speech, and is obtained after train-
ing. By writing a text and clicking on a point on the 2D space, an audio signal
is generated with the parameters values corresponding to the point clicked on.
The web interface is implemented in HTML5 and javascript to use the service.

There are several possibilities for dimensional reduction : UMAP, PCA or
t-SNE. The click of the mouse is detected using javascript in pixels coordi-
nates and mapped to the reduced data space.

Then Nearest Neighbour regression is used to compute the 2D data point, and
a lookup table gives the corresponding 8D point of the latent space. The text
and the 8D vector are fed to the model that generates the sentence and save
it into an audio file. The audio file is then served and played as an HTML5
audio object.
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Figure 9.2. ICE-Talk web interface. It is constituted of a text field, an image repre-
senting a latent space of vocal variability contained in the dataset, and
an audio player to listen to the synthesized utterance.

9.4 Perceptual Experiment

9.4.1 Methodology

An experiment was designed to assess the extent to which participants would
be able to produce a desired expressiveness for a synthesized utterance, i.e., a
methodology for evaluating the controllability of the expressiveness.

For this purpose, participants were asked to use the 2D interface to produce the
same expressiveness as in a given reference. We assume that if a participant is
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able to locate in the space the expressiveness corresponding to the reference, it
means he is able to use this interface to find the expressiveness he has in mind.

The experiment contains two variants: in the first, the text of the reference
and 2D space sentences are the same, while in the second, they are different.
In the first one the participant can rely on the intonation and specific details
of a sentence while in the second, he has to use a more abstract notion of
expressiveness of a sentence.

The experiment is designed to avoid choosing a set of different characteristics
or style categories, and letting the participant of the experiment judge how
close the vocal characteristics of a synthesized sentence is to a reference.

The procedure for preparing the experiment is as follows:

• The model trained with Blizzard2013 dataset mentioned in Chapter 3, is
used to generate a latent space with continuous variations of expressive-
ness as presented in Section 8.6.

• In the 2D interface, we sample a set of points inside the region of the
space in which the dataset points are located. The limits of the rectangle
are defined by projecting sentences of the whole dataset in the 2D space
with PCA and selecting xmin, xmax, ymin, ymax of all points. In other
words, we use the smallest rectangle containing the dataset points. We
use a resolution of 100 for x and y axes, making a total of 10000 points
in the space.

• This set of 2D points is projected to the 8D latent space of the trained
unsupervised model with inverse PCA. The 8D vectors will then be fed
to the model for synthesis.

• 5 different texts are used to synthesize the experiment materials. This
makes a total of 50000 expressive sentences synthesized with the model.
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The listening test was implemented with the help of turkle5 mentioned in
Chapter 6 and 7. We can ask questions with an HTML template that includes
in this case an interface implemented in HTML/javascript.

During the perceptual experiment, a reference sentence coming from the 50000
sentences is provided to the participants. We provide the interface allowing a
participant to click in the latent space and choose what is the point that is in
his opinion the closest to the reference in terms of expressiveness.

The instructions shown to participants are the following:

• First, before the experiment, to illustrate what kind of task it will contain
and familiarize you with it, here is a link to a demo interface:
https://jsfiddle.net/g9aos1dz/show

• You can choose the sentence and you have a 2D space on which you can
click. It will play the sentence with a specific expressiveness depending
on its location.

• Familiarize yourself with it and listen to different sentences with a differ-
ent expressiveness.

• Then for the experiment, use headphones to hear well, and be in a quiet
environment where you will not be bothered.

• You will be asked to listen to a reference audio sample and find the red
point in the 2D space that you feel to be the closest in expressiveness.

• Be aware that expressiveness varies continuously in the entire 2D space.

• You can click as much as you like on the 2D space and replay a sample.
When you are satisfied with your choice, click on submit.

• There are two different versions, in the first one, the sentence is the same
in the reference and in the 2D space. In the second, they are not. You
just need to select the red point that in your opinion has the closest
expressiveness.

• It would be great if you could do this for a set of 15 samples in each level.
You can see your evolution on the page.

5https://github.com/hltcoe/turkle

https://jsfiddle.net/g9aos1dz/show
https://github.com/hltcoe/turkle
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A number of 25 and 26 people participated in variants 1 and 2 of the experi-
ment, respectively. We collected a total of 488 and 326 answers.

Figure 9.3. 2D space fractionned in a 5x5 grid for the perceptual experiment. The
red points are the possible positions of the reference in the space, the
red rectangle is the selected case.

9.4.2 Evaluation

Controllability score To quantify how well the participants are able to pro-
duce a desired expressiveness, we compute an average euclidean distance be-
tween the selected point and its true location.

Inspired by the omnipresent 5-point scales in the field of perceptual assess-
ment, such as MOS tests, we choose to discretize the 2D space in a five-by-five
grid, as shown in Figure 9.3. Indeed a continuous scale could be overwhelming
for participants and let them unsure about their decision. The unit of distance
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is that between a red point and its neighbour along the horizontal axis.

We use a random baseline to assess the level of a non-controllability of the
system in terms of expressiveness. In other words, if a participant is not able
to distinguish the differences in expressiveness of different samples, we assume
that he would not be able to select the correct location of the expressiveness
of the reference, and would answer randomly.

Results and Discussion Figure 9.4 shows the distributions of the distances
between participant answers and true location of references in the 2D space.
The two variants (with same text and different text) are on the left and the
random baseline is on the right. The average distances with 95% confidence
intervals of the three distributions are respectively: 0.908±0.083, 1.448±0.103
and 2.314± 0.007.

The second version was considered much more difficult by participants. For
the first task, it is possible to listen to every detail of the intonation to detect
if the sentence is the same. That strategy is not possible for the second one
in which only an abstract notion of expressiveness has to be imagined.

Also, the speech rate is more difficult to compare between two different sen-
tences than for the same sentence. Especially when the number of syllables is
a lot different, it is more difficult to compare the melody and the rhythm of
the sentences. The cues mentioned by participants include intonation, tonic
accent, speech rate and rhythm.

We can see in Figure 9.5 that, over time, participants are progressively more
constant in the duration and with a lower median duration. Outliers were
discarded because they were too far from the distribution. The maximum is
above 17500 seconds. We believe these outliers are due to a break taken by
participants during the test. Also, the means are influenced by these outliers,
and are therefore not plotted in the figure.
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Figure 9.4. Boxplots of the distances between participant choices and true location
of the reference (lower is better). The green line corresponds to the
mean, and the orange line corresponds to the median. From left to
right: 1) results of the first variant of the experiment for which the text
synthesized is the same for the reference and the latent space, 2) results
of the second variant for which the text synthesized is different for the
reference and the latent space, 3) a random baseline

A least square linear regression on the medians shows that it decreases with a
slope of −0.767 s/task for the first variant and −2.086 s/task for the second.
The two-sided p-value for a hypothesis test whose null hypothesis is that the
slope is zero are respectively 0.21 and 0.0004. We can therefore reject the null
hypothesis in the second case but not in the first.

Participants mentioned that they were more confident in both tasks after
several samples. They could guess where they have to search. They could
establish a strategy as they understood how the space was structured. There-
fore they felt like it was easier and could make a choice faster because they
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Figure 9.5. Boxplots of the durations for participant to answer by index until the
15th answer of participants for variant 1 (top) and 2 (bottom) of the
experiment.

hesitated less.
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However, the evolution of average scores, depicted in Figure 9.6, does not seem
to improve or decline over time. A least square linear regression on the average
scores show slopes close to zero for both variant 1 and 2 (respectively −0.005
and 0.0001 s/task). The two-sided p-value for a hypothesis test whose null
hypothesis is a zero-slope line are respectively 0.496 and 0.930. It indicates
strong evidence that the slope is zero, i.e., the evolution of average scores re-
mains stable.

9.5 Conclusions and Future Works

We presented an innovative interface for Controllable Expressive TTS called
ICE-Talk that shows a proof of concept of research results previously pre-
sented at Interspeech. It is open source and ready to be used with available
pre-trained models.

As a perspective, other models such as a multi-speaker TTS6 could be inte-
grated to be able to generate speech from different speakers, not based on
references but on the latent space describing speaker characteristics.

A perceptual experiment was designed to evaluate the controllability of a Con-
trollable Expressive TTS model. For that purpose, a set of samples were syn-
thesized by discretizing the 2D reduced latent space with a set of five different
sentences. This 2D space was then used to ask participants to search the lo-
cation corresponding to the expressiveness of an audio reference. To reduce
the number of possible answers, the 2D space was segmented in a five by five
grid. An average distance can then be computed and compared to a random
baseline. Two variants of the task were presented to participants: in the first
one, the transcription of the audio reference and samples contained in the 2D
space are the same, while in the second, they are different. Results show that
the average distance is lower for the first task than for the second, and that
they are both lower than the random baseline.

6https://github.com/CorentinJ/Real-Time-Voice-Cloning

https://github.com/CorentinJ/Real-Time-Voice-Cloning
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Figure 9.6. Boxplots of the distances between participant choices and true location
of the reference by index until the 15th answer of participants for variant
1 (top) and 2 (bottom) of the experiment.



Chapter 10

Conclusions

This section summarizes the contributions presented in the thesis and proposes
a set of possible directions of the field and industrial applications.

An emotional speech dataset As of today, there are different kinds of speech
datasets available online. For example, a good source of speech data are
audiobooks for which the transcriptions are systematically available.

Other datasets come from research projects. Some are designed for speech
generation purpose while others are designed for speech analysis (ASR, emo-
tion in speech, etc.). Compared to speech generation datasets, the latter often
consist of conversational setups and contain overlaps in speech, i.e., actors
speaking at the same time, as well as noise. This is the reason why they
cannot be used for emotional speech synthesis. In most cases, these datasets
contain enough data for the use of deep learning algorithms but, either they
are not suited for synthesis purpose, or they are poor in expressiveness. Or,
on the contrary, they offer emotionally rich content in high quality, but in a
limited amount.

For this project, we collected a speech dataset called EmoV-DB Database rich
in expressiveness, suited for speech generation purpose and contains enough
data to use deep learning algorithms. The collected data are recordings of
male and female actors speaking in English. The actors were recorded in two
different anechoic chambers of the Northeastern University campus. Each ac-
tor was asked to utter a subset of the sentences from the CMU-Arctic database
for English speakers. The dataset covers 5 classes (amusement, anger, disgust,
sleepiness and neutral) with the aim of building synthesis and voice transfor-
mation systems.

— 149 —
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Emotion representation We built a system able to extract a representation
of emotional expressiveness in speech. We examined whether a DNN trained in
an ASR task learned useful features in predicting the dimensions of emotions
(valence, arousal).

An ASR system is a mapping between audio features and text features. For
an ASR to be accurate, it has to take into account the variability in speech
and doing so, recover text information from all kinds of speaker identity, style
etc. Therefore, an intermediate representation extracted by the system may
contain useful information to predict emotion in speech.

The ASR model consists of a stack of 15 dilated convolutional layers and each
layer consists of 128 gated convolutional units (GCU) with skip connection.
This architecture is inspired by Wavenet [71]. The system was trained with
MFCCs extracted from VCTK dataset [109].

The analysis on IEMOCAP dataset reveals that predicting valence and arousal
with a linear model trained based on the GCUs’ output outperforms a similar
model based on the eGeMAPS [33] feature set.

Synthesis with Emotion adaptation In this study, we showed how to obtain
an emotional TTS system by fine-tuning a neutral TTS system with a small
emotional speech dataset. We studied the impact of this fine-tuning on the
intelligibility of generated speech and the subjective perception of expressed
emotion. A first model was trained with LJ-speech dataset, a dataset that
consists of sentences uttered by a female speaker, with a total of 24 hours of
speech. To obtain emotional TTS models by fine-tuning, we used a subset of
EmoV-DB corresponding to one speaker and proceeded in two steps:

• fine-tuning the model with the neutral part of the subset;

• fine-tuning copies of the resulting model separately with subsets of each
emotional categories.

To evaluate the first step, we used an objective measure of intelligibility pro-
posed in [73] on 100 sentences synthesized with three systems: the first model
trained on LJ-speech dataset, the model fine-tuned with the neutral part of the
subset and a model trained only with the neutral part of the subset. The aver-
age accuracies are respectively 0.630± 0.042, 0.517± 0.048 and 0.004± 0.004.
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These results suggest that the fine-tuning on a small subset tends to degrade
the intelligibility only slightly. However, using just the small dataset leads
to unintelligible speech-like sounds. This demonstrates that the fine-tuning is
useful to generate more intelligible speech.

To evaluate the second step, we performed a subjective MOS test to measure
the perception of the emotion for each emotional model. The results show
that the emotions are perceptible although less intelligible.

An application to Acoustic Laughter Synthesis Researchers of the ISIA lab-
oratory have often successfully applied technologies of speech synthesis to the
generation of laughter. This nonverbal expression is an important component
for conveying emotion expressiveness in synthetic speech. This contribution
is an application of Seq2seq technique to audio laughter synthesis, leveraging
fine-tuning from the speech synthesis task. In order to perform the adapta-
tion, we used AmuS database which contains amused speech and laughters
from the same speaker.

We studied two variations of the system and compared it to previous methods
based on HMM synthesis to assess a higher synthesis quality. We showed that
the integration of MelGAN as a waveform corrector improves the performance
of the synthesis.

Impact of controlling the intensity of emotional categories We developed
a multi-style TTS system which has the possibility to control the intensity of
style categories. We implemented a modified version of DCTTS that uses a
style category encoding as input. Then, a one-hot encoding is used for the
training. Finally, at the synthesis stage, we can modify the intensity of a style
category by interpolating between the one-hot encodings of neutral and one
of the styles.

To analyze the impact of control parameters on the perception of the generated
sentence, we carried out a listening test in which we asked participants to
compare pairs of generated samples and select the one conveying a given speech
style with more intensity. The results of these tests are represented in a
heatmap to visualize the relationship between the perception of intensity and
the control variable. It showed that despite being trained with only discrete
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categories of data, the network is capable of generating intermediate intensity
levels between neutral and a given speech style.

Expressive synthesis and Interpretation of latent spaces The aim is to
investigate ways to represent expressiveness in speech without the need of any
labels that are difficult and expensive to collect. Moreover, it is interesting
to have an interpretable representation in order to build controllable speech
synthesis systems with understandable and predictable behaviour.

We presented a methodology to obtain latent spaces, visualize them and ana-
lyze their relationship with audio features by correlation. We then described
a way to visualize the influence of embeddings variation on audio features.

We compared three encoding techniques of mel-spectrogram. The principle
is to encode the mel-spectrogram by training a deep learning algorithm on a
given task. The encoding is used for the following tasks:

• style category classification;

• speaker classification;

• unsupervised expressive Text-to-Speech synthesis.

For each encoding technique, the mel-spectrogram is encoded to a vector of
length 8 that contains expressiveness information. This vector is computed for
each utterance of the dataset to obtain a collection of embeddings. Dimension-
ality reduction is then performed to have a 2D-space that can be visualized.
We observed that points in a given region of the resulting space correspond to
a given style.

To interpret that space, we analyzed the trend of variation of some audio fea-
tures. For this purpose, each audio feature, i.e. the F0 mean, is computed for
each utterance of the dataset. Each F0 mean corresponds to one of the points
in the 2D-space. A plane F0mean = f(x, y) = ax + by + c is then approxi-
mated. We evaluate if this plane f(x, y) is a good approximation of F0mean.
If it is, it means that going in a certain direction of the space will increase
F0mean linearly. We verified this by computing the correlation between the
approximations f(x, y) with the real values of F0mean. The gradient of the
plane is (∂f∂x = a, ∂f∂y = b) and corresponds to the direction of its greatest slope.
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It thus gives the direction of the variation of the audio feature approximated
by the plane.

The embedding space trained to condition a TTS system has several advan-
tages: it does not require any label about the style and it is already in use in
a TTS system.

A further analysis of the latter system was carried out with a speech dataset
that contains a continuous expressiveness variability rather than a set of style
categories. We identified acoustic characteristics with important variations in
the dataset using a feature selection method, and we assessed the quality of
the synthesized speech.

A proof of concept and assessment of controllability We showed how the
research results of this thesis can be implemented in a demonstration of ex-
pressive speech synthesis. This demonstration can be executed via a web
interface on a standard computer. This demonstration enables easier access
to the technologies in this field.

From this interface, an adaptation was developed to implement a perceptual
experiment aiming to evaluate the controllability of a Controllable Expressive
TTS model. This experiment studies if a user is able to find a sample with
a similar expressiveness inside the 2D interface. Two variants of this task
were presented to participants: in the first one, the transcription of the audio
reference and samples contained in the 2D space are the same, while in the
second, they are different. Results show that the average distance between
participant choices and ground truth is lower for the first task than for the
second, and that they are both lower than a random choice.

Perspectives

In Chapter 9, we present a 2D interface in which we can explore a space of
expressiveness. It could be interesting to investigate ways to control more
vocal characteristics, and independently when it is consistent and possible.
Several types of controls could be investigated depending on the nature of the
variables. For some variables, the control could consist of a set of choices, e.g.,
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male/female, or a list of speaker identities.

We also could imagine to have two separate 2D spaces. One would be ded-
icated to a speaker identity, i.e., a space organizing voice timbers. And the
second would, e.g., the 2D space of expressiveness presented in Chapter 8 and
integrated in an interface in Chapter 9. This kind of application needs frame-
works able to disentangle speech characteristics and factorize information cor-
responding to different phenomena, such as phonetics, speaker characteristics
and expressiveness in the generated speech.

In the idea of having more and more general systems, the research results of
this thesis that focus on English language could be adapted to obtain a system
able to work with several languages. This could be considered as one more
aspect of speech that needs to be factorized with others mentioned in previous
paragraph.

There are also possibilities of controlling the evolution of speech characteristics
inside a sentence, referred to as fine-grained control that could be interesting
to investigate. Currently, this aspect is mostly present in prosody transfer
task and is not subject to a control involving a human choosing what intona-
tion, tonic accent or voice quality he would like to hear at different parts of
a sentence. The difficulty would be to select the relevant characteristics that
a sound designer would want to control and design an intuitive interface to
control them.

The different possibilities in this area would be interesting for, e.g., video
games producer for the development of virtual characters with expressive
voices, for animation movies, synthetic audiobooks, or in the advertisement
sector.
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• Noé Tits. “A Methodology for Controlling the Emotional Expressiveness
in Synthetic Speech - a Deep Learning approach”. In: 2019 8th Inter-
national Conference on Affective Computing and Intelligent Interaction
Workshops and Demos (ACIIW). 2019, pp. 1–5. doi: 10.1109/ACIIW.

2019.8925241
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[100] Noé Tits, Kevin El Haddad, and Thierry Dutoit. “Neural Speech Syn-

thesis with Style Intensity Interpolation: A Perceptual Analysis”. In:

Companion of the 2020 ACM/IEEE International Conference on Human-

Robot Interaction. HRI ’20. Cambridge, United Kingdom: Association

for Computing Machinery, 2020, pp. 485–487. isbn: 9781450370578.

doi: 10.1145/3371382.3378297. url: https://doi.org/10.1145/

3371382.3378297.

https://doi.org/10.1109/ACIIW.2019.8925241
https://doi.org/10.1109/ACIIW.2019.8925241
http://aclweb.org/anthology/W18-3307
http://aclweb.org/anthology/W18-3307
https://doi.org/10.1145/3371382.3378297
https://doi.org/10.1145/3371382.3378297
https://doi.org/10.1145/3371382.3378297


Bibliography 175
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