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ABSTRACT

Intelligible Emotional Voice Conversion with StarGAN assisted by
DTW and Speaker Classifier
Gokcge iymen
Master of Science in Data Science
September 8, 2022

Human speech carries not only linguistic content and speaker identity but also emo-
tional content. The ability to alter emotional colouring of speech has the potential
to enable a variety of tasks such as producing affective speech for intelligent dialogue
systems and guiding people in their emotional expression abilities. While perform-
ing emotional voice conversion, special focus needs to be given to both the quality of
speech (e.g., naturalness, intelligibility) and the perceived emotion of the generated
speech. In this study, we propose a method for converting the emotion of speech
across multiple emotion categories with a single trained model. Our StarGAN-
based model, enhanced by the DTW algorithm and auxiliary speaker classifier, can
change the emotion of a given speech signal into 3 emotion classes: angry, happy and
sad. When building our model, we determine the loss functions targeting distinct at-
tributes of speech including the authenticity, linguistic information, speaker identity,
and emotional expression. We evaluate the performance of our model through objec-
tive and subjective evaluation criteria for both audio quality and emotional content
of the converted speech. The results show that our method compares favourably
with the state-of-the-art method in terms of both speech quality and emotional

articulateness.
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OZETCE

Dinamik Zaman Biikmesi ve Konusmaci Siniflandirici Destekli StarGAN
ile Anlasilir Duygusal Ses Doniisiimii
Gokcge iymen
Veri Bilimi, Yiiksek Lisans

8 Eyliil 2022

Insan konusmasi sadece dilsel igerik ve konugmaci kimligi degil ayni1 zamanda duy-
gusal igerik de tagir. Konugmanin duygusal rengini degistirme yetenegi, akilli diyalog
sistemleri i¢in duygusal konugma iiretme ve insanlara duygusal ifade yeteneklerinde
rehberlik etme gibi cesitli gorevleri miimkiin kilma potansiyeline sahiptir. Duy-
gusal ses doniigimii gergeklestirilirken, hem konugma kalitesine (6rnegin dogallik,
anlagilabilirlik) hem de iiretilen konugmanin algilanan duygusuna 6zel olarak odak-
lanilmasi gerekir. Bu ¢aligmada, tek bir egitimli model ile konugmanin duygusunu
coklu duygu kategorisine dontigtiirebilen bir yontem oneriyoruz. DTW algorit-
masi ve yardimci konugmaci simflandiricist ile gelistirilmig StarGAN tabanli mod-
elimiz, verilen bir konugma sinyalinin duygusunu kizgin, mutlu ve iizgiin olmak
tizere 3 duygu siifina dontistiirebilir. Modelimizi olugtururken, kayip fonksiyonlarini
ozglnliik, dilsel icerik, konugmaci kimligi ve duygusal ifade gibi konugmanin farkh
niteliklerini hedefleyecek sekilde belirliyoruz. Modelimizin performansini, doniigtiiriilen
konugmanin hem ses kalitesi hem de duygusal igerigi icin nesnel ve 6znel degerlendirme
kriterleri araciligiyla degerlendiriyoruz. Sonuclar, yontemimizin hem konugma kalitesi
hem de duygusal ifade acisindan son teknoloji yontem ile avantajli kalacak sekilde

kiyaslanabilir oldugunu gostermektedir.
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Chapter 1

INTRODUCTION

Human speech carries para-linguistic information such as emotional state and
speaker identity in addition to the verbal messages to be conveyed. Conversion
studies in speech can target any of these non-lexical properties. Although speech
conversion is more focused on changing speaker identity (i.e., voice conversion (VC))
[Sisman et al., 2020], [Lorenzo-Trueba et al., 2018], [Zhao et al., 2020], there are also
efforts towards emotional voice conversion (EVC) [Zhou et al., 2022], [Luo et al.,
2016], [Gao et al., 2019], [Rizos et al., 2020]. Emotional voice conversion aims to alter
the emotional state of speech while preserving the speaker identity and linguistic
content. Changing the emotional content of an existing speech enables intelligent
dialogue systems to produce more affective, and hence more natural speech. It can
also help to guide people in their emotional expression abilities through the formative
feedback on emotional speech, in which emotions are accurately expressed.

Generally inspired by developments in the VC field [Toda et al., 2007], [Aihara
et al., 2014], statistical approaches such as Gaussian Mixture Model (GMM) [Aihara
et al., 2012] and Non-negative Matrix Factorization (NMF) [Aihara et al., 2014]
were utilized in emotional voice conversion before recent advances in deep learning.
Although these works have yielded promising results, the most notable advances in
EVC have been achieved through the use of deep learning models.

Previous deep learning-based studies on emotional speech alteration can be
grouped into two approaches: models using parallel data [Luo et al., 2016], [Ming
et al., 2016] and models using non-parallel data [Gao et al., 2019], [Rizos et al.,
2020], where parallel data refers to recordings collected from each speaker with the

same linguistic content but different emotions. Collecting parallel speech data is not
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practical. Relying, therefore, on parallel data greatly limits the data that can be
used. This is why recent efforts are mostly on the usage of non-parallel data.

In models using non-parallel data, we can see inspirations from the image do-
main (e.g., image style transfer [Gatys et al., 2016] and image-to-image translation
[Zhu et al., 2017]). In one of the first non-parallel emotional speech conversion
attempts, [Gao et al., 2019] postulate that a speech signal with a disentangled rep-
resentation can be decomposed into an emotion-independent content code and an
emotion-informed style code. Their model design has a distinct style encoder for
each emotion, and they perform speaker-dependent model training. Furthermore,
inspired by the pioneering method of unpaired image-to-image translation methods,
[Bao et al., 2019], [Zhou et al., 2020a], and [Liu et al., 2020] adopt CycleGAN [Zhu
et al., 2017] for conversion from neutral speech to each emotion. One impact of Cy-
cleGAN is that as many new models have to be trained as the number of emotions,
but speaker-independent training remains another challenge [Zhou et al., 2020a, Liu
et al., 2020].

In the later-proposed StarGAN-based emotional voice conversion model (StarGAN-
EVC) [Rizos et al., 2020], the issues of multi-emotion non-scalability and speaker
dependency in previous models are resolved. In that work, the performance of
StarGAN-EVC in carrying emotion information is validated by both quantitative
and qualitative evaluations, yet speech quality of the generated samples is not ana-
lyzed in detail. Since the speeches converted by StarGAN-EVC have artifacts, and
mostly suffer from low intelligibility, an improvement on StarGAN-EVC has been
studied by [He et al., 2021], where they change the structure of StarGAN from a
monolithic feature transformation model to one that learns to disentangle speech
features using two encoders; the emotion-independent encoder and the emotion en-
coder.

Our work adopts the state-of-the-art non-parallel EVC model unified for multi-
emotion, i.e., StarGAN-EVC, and aims to improve the intelligibility of the converted
speeches without compromising the quality of emotional alteration. For this pur-
pose, we propose to implement dynamic time warping (DTW) loss which takes into

account the temporal relation in speech, and to extend the model with an additional
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speaker classifier to emphasize speaker features during conversion.

1.1 Contributions

To address the speech quality issue, we modify the distance measure of cycle consis-
tency and identity mapping losses, whose role is to preserve the linguistic content in
StarGAN-EVC. Instead of L1 loss, we exploit dynamic time warping (DTW) loss for
its better tolerance of time-axis fluctuations in time-dependent data such as speech.
Moreover, we discover that attaching an auxiliary speaker classifier - with the same
logic as the auxiliary emotion classifier in StarGAN-EVC - improves speech quality
and contributes to the emotional change. Furthermore, in order to achieve more
refined speech outputs, we combine these improvements in a three-stage training
process consisting of reconstruction, emotional conversion and fine-tuning, and we
propose to train the model in a progressive manner. We design the training proce-
dure in such a way that different speaking qualities are targeted sequentially, so that
authenticity and linguistic content are targeted first, followed by emotional expres-
sion and finally speaker identity. Lastly, while comparing the performance of the
proposed model with that of the baseline model, we report automatic speech recog-
nition (ASR)-based loss using pre-trained ASR model in addition to mel-cepstral
distortion (MCD) and data augmentation results, and present the results of our
customized experiments for subjective evaluations. To summarize, our main contri-
butions are: i) improving the intelligibility of the audio outputs by switching from
L1 loss to DTW loss, i) adding an auxiliary speaker classifier so as to explicitly
control the speaker identity feature, 7i) combining these improvements within a
three-stage training process that delivers better quality results, and iv) providing
novel objective and subjective evaluation approaches for audio quality and emotional

content of converted speech outputs.

1.2 Organization

The organization of the following parts is as follows: In chapter 2, we cover the

background information on emotional state of speech, emotional speech datasets,
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and audio feature extractors. To put our contribution in context, we review the
state-of-the-art in emotional voice conversion in chapter 3 while introducing the
StarGAN architecture and DTW algorithm. Next, we present the methodology of
our contribution in chapter 4 with details of our motivation and model architecture.
In chapter 5, we explain the experiment conditions such as the dataset, feature
extractor and training details. The results of our evaluations are explained in chapter

6. We conclude in chapter 7 with some remarks and future directions.
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Chapter 2

BACKGROUND

2.1 Emotional State of Speech

Human speech expresses explicit and implicit emotions both through acoustic fea-
tures and linguistic content. Since the emotion in speech is formed by the sophis-
ticated interaction of semantic choices of spoken words and vocal attributes such
as intonation, loudness and speech pace, it is not easy to fully define the emotional
state of speech. Therefore, we see different emotion representations in the literature
[Banse and Scherer, 1996], [Cowie and Cornelius, 2003], [Zhou et al., 2022], [Ek-
man, 1992], [Russell, 1980]. The most widely accepted representations used in the
affective community are the categorical and dimensional models. While Ekman’s
framework [Ekman, 1992] groups emotions into six basic categories as anger, fear,
sadness, enjoyment, disgust, and surprise, the affective states are not considered
independent of each other in Russell’s circumplex model [Russell, 1980] where emo-
tions are projected on arousal (active/passive) and valence (pleasure/displeasure)
dimensions.

Beyond the lexical words used in speech, acoustic features are the most important
factors that create emotion in speech [Zhou et al., 2022]. Analyzing the significance
of different factors on emotional state of speech, [Xue et al., 2018] concentrate on
four types of acoustic features: duration, FO contour, spectral sequence and power
envelope. With the procedure of modifying only one factor at a time, they conclude
that replacement of FO contour and spectral sequence alter the emotional expres-
siveness of neutral speech in the direction of the desired emotion, while change in
duration and power envelope do not have much effect. This makes FO contour and
spectral sequence the features in focus for emotional speech synthesis and conversion

[Luo et al., 2016], [Gao et al., 2019], [Rizos et al., 2020].
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2.2 Emotional Speech Datasets

The characteristics of datasets used in training of deep learning models are as signifi-
cant as the model architectures or training parameters. Yet, the variety and quality
of datasets in the field of emotional speech have not progressed remarkably until
recent times. Fortunately, with the increasing interest in emotional speech stud-
ies, suitable academic datasets have emerged recently. In this context, Interactive
Emotional Dyadic Motion Capture database (IEMOCAP) [Busso et al., 2008] can
be considered as a groundbreaking English-language collection consisting of audio-
visual recordings of 10 actors. The total size of the dataset (~12 hours) and its
focus on the authenticity of emotions make it invaluable for the affective computing
community.

Open-source emotional speech datasets vary in different aspects, such as their
recording composition (i.e., acted, induced, and spontaneous), their emotion model
choice (i.e., sentimental, categorical, and dimensional), or their data annotation
method (i.e., actor intention and perceptual evaluation). These aspects should be
taken into account when choosing among these datasets according to the intended
use of the models. For instance, when building a text-to-speech (TTS) model that
attempts to have more natural speeches with different emotions, the dataset to be
used should be as clear as possible without overlapping speech, and as diverse as
possible in terms of sentences used in recordings [Adigwe et al., 2018]. On the other
hand, if a model is designed to be used on real-life sounds, as in the EVC model, it
would be more accurate to continue with a dataset which includes some background
noise. Otherwise, the model will perform poorly when it encounters real-life sounds
in service.

Based on their emotional expression setup, these datasets can be classified as
acted, induced, or spontaneous, with the majority being acted or induced. While in
acted ones [Adigwe et al., 2018], [Zhou et al., 2021}, the same utterance is performed
in different emotions that are directly tied to the actor’s performance, the speakers
are directed prior to recording in induced ones [Cao et al., 2014], [Busso et al., 2017],

[James et al., 2018]. Moreover, it is also possible to find spontaneous speeches in
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datasets picked from audio-video sharing platforms [Zadeh et al., 2018], [Lotfian and
Busso, 2019]. On the other hand, the selection of the linguistic content may vary
in different datasets. For example, [Cao et al., 2014], [Adigwe et al., 2018], [James
et al., 2018] have paid great attention to choosing semantically-neutral sentences.
How the emotion labels are annotated in a dataset is as crucial as its collection
design. While perceptual evaluations have been conducted subsequent to dataset
collection in [Busso et al., 2008], [Busso et al., 2017], and [Lotfian and Busso, 2019],
[Adigwe et al., 2018] and [Zhou et al., 2021] assign emotion labels to samples based
on actor intention during recording.

According to the designs of deep learning models, another feature that is in-
vestigated in datasets is whether they have parallel or non-parallel data. For the
EVC field, we see that models using parallel data were initially more common [Luo
et al., 2016], [Ming et al., 2016], [Robinson et al., 2019]. Since sequence-to-sequence
models (e.g., LSTM) are trained to learn mappings between two records of the
same sentence in different emotions, parallel training data is needed for these mod-
els. However, following the improvements in image-domain for unpaired translation
[Zhu et al., 2017], [Choi et al., 2018] and their reflections to voice-domain [Kaneko
and Kameoka, 2018], [Kameoka et al., 2018], EVC models have started to eliminate
the requirement for parallel data. Overall, we see that both parallel [Adigwe et al.,
2018], [Zhou et al., 2021] and non-parallel [Busso et al., 2008] emotional speech
datasets are used in emotional speech synthesis [Tits et al., 2019] and conversion
models [Zhou et al., 2022], [Rizos et al., 2020]. However, the IEMOCAP dataset
[Busso et al., 2008] appears to be the most favoured in EVC models [Gao et al.,
2019], [Bao et al., 2019], [Rizos et al., 2020] due to its superiority in simulating

real-life conversations and emotions.

2.3 Audio Feature Extractors

Nowadays, deep learning models have become increasingly popular in speech-related
applications such as automatic speech recognition [Dong et al., 2018], [Baevski et al.,

2020], speech synthesis [Oord et al., 2016], [Wang et al., 2017], voice conversion
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[Kaneko and Kameoka, 2018], [Kameoka et al., 2018], and emotional voice conversion
[Luo et al., 2016], [Rizos et al., 2020]. These models are expected to learn various
speech characteristics (intonation, loudness variations, pitch, etc.) from the speech
data they use. Thus, the data preprocessing step that extracts useful information
from speech is of paramount importance in the audio field.

When corpora containing speech data are examined, we see that speech is mostly
collected and stored in waveform. Waveform, which is the time-domain representa-
tion of a sound, shows the air pressure variations over time in terms of amplitude.
Although raw audio waveforms can be used in deep learning models [Baevski et al.,
2020], [Oord et al., 2016], mostly audio in waveform is transformed to feature vector
sequences by applying audio signal processing methods [Dong et al., 2018], [Wang
et al., 2017], [Kameoka et al., 2018], [Rizos et al., 2020]. There are two main motiva-
tions to implement feature extraction on audios. First, using audio feature extractors
reduces the data dimension while preserving significant characteristics and remov-
ing irrelevant and noisy data. Second, converting audio data into 2D representation
such as spectrogram and mel-cepstral coefficients (MCCs) enables the acquisition
of image-like data from audio, and this gives the opportunity to use deep learning
architectures originally developed for the image domain.

Reviewing feature extraction for audio, we should definitely mention vocoders
that have been employed for audio analysis and synthesis for decades [Schroeder,
1966]. Originally developed for the reconstruction of human speech [Dudley, 1939],
they have since been used as an important tool in fields such as speech transmission,
audio storage, and voice encryption. Although unidirectional vocoders exist [Griffin
and Lim, 1984], they typically include both speech encoding and decoding, the
former allowing to extract interpretable features from the audio.

In addition to conventional vocoders which use digital signal processing (DSP) for
audio analysis, neural network-based vocoders are becoming more common through
easier access to data and recent advances in deep learning. From conventional
vocoders, STRAIGHT [Kawahara et al., 1999] and WORLD [Morise et al., 2016]
are the most preferred in deep learning models for speech [Hsu et al., 2016], [Luo

et al., 2016], [Ming et al., 2016], [Kameoka et al., 2018], [Gao et al., 2019], [Rizos
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et al., 2020]. Recently, however, neural speech synthesizers such as WaveNet [Oord

et al., 2016] and WaveRNN [Kalchbrenner et al., 2018] have also started to be used
[Shen et al., 2018], [Paul et al., 2020].
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Chapter 3

RELATED WORKS

3.1 Emotional Voice Conversion

Voice conversion is a research topic that has been active for decades [Abe et al.,
1988] [Sisman et al., 2020], and its aim is to change the speaker identity in speech
while preserving linguistic structure. With increasing interest in affective comput-
ing [Schuller and Schuller, 2018], the methods used for voice conversion have also
started to be applied in emotional voice conversion to transition between different
emotional states of speech. In this regard, statistical approaches from VC domain
such as Gaussian Mixture Model (GMM) [Toda et al., 2007] and Non-negative Ma-
trix Factorization (NMF) [Aihara et al., 2014] were initially proposed for emotional
voice conversion [Aihara et al., 2012] [Ming et al., 2015]; however, the major break-
throughs were made by later works using deep learning models. Deep learning-based
emotional voice conversion studies can be examined under two groups: models with

parallel data and models with non-parallel data.

3.1.1 Deep Learning-Based Models Using Parallel Data

The use of parallel data was primarily more common as early studies learned the
mapping between paired speech data of two different emotions. To model the rela-
tionship between source and target speech, neural network and deep belief network
were employed by [Luo et al., 2016], [Luo et al., 2017] for the conversion of F0 and
MCC, respectively. They investigated the use of normalized-segment-F0 (NSFO)
[Luo et al., 2016] and arbitrary scales continuous wavelet transform (AS-CWT)
[Luo et al., 2017] representations of FO in their studies. On the other hand, [Ming
et al., 2016] and [Robinson et al., 2019] proposed the usage of sequence-to-sequence

models for feature mapping between speech sequences.
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3.1.2 Deep Learning-Based Models Using Non-Parallel Data

Although the aforementioned studies rely upon the availability of parallel training
data, inspired by advances in image-domain for unpaired translation, models using
non-parallel data have been developed in the VC domain, and subsequently in the
EVC domain. The first attempt for non-parallel EVC [Gao et al., 2019] considered
the speech signal as having a disentangled representation and separately extracted
emotion code and emotion-independent content code from speech. Using emotion-
specific style encoders and adversarial principles, they altered one speaker’s voice
from the source emotion to the target one. However, this approach lacks scalability
for translation into multiple emotions since it requires as many style encoders as
emotions. Later, CycleGAN [Zhu et al., 2017] became the most popular architec-
ture for EVC with non-parallel data [Bao et al., 2019], [Zhou et al., 2020a], [Liu
et al., 2020], but this approach also requires training a separate model for each
pair of emotions. In addition to scalability, speaker dependency, i.e., the fact that
models can be trained with data from a single speaker, remains another limitation
in these prior studies [Gao et al., 2019], [Zhou et al., 2020a], [Liu et al., 2020].
As a solution for speaker-independent EVC, VAW-GAN-based EVC [Zhou et al.,
2020b] and StarGAN-based EVC [Rizos et al., 2020] frameworks have been pro-
posed. StarGAN-EVC, the baseline used in our study, also enables many-to-many
translation through a unified model using the auxiliary classifier. Nevertheless, the

StarGAN-EVC suffers from poor speech quality and linguistic distortions.

3.2 StarGAN

The StarGAN framework, which allows multi-domain translation in a unified model,
has become highly favoured in both the image and voice domains. Our work, based
on the StarGAN-EVC model, can perform many-to-many domain (i.e., emotion)
translation with a single generator, and it does not depend on the presence of parallel
data thanks to its model and loss structures.

StarGAN [Choi et al., 2018] is originally proposed to tackle the scalability and

effectiveness issues of cross-domain translation models in computer vision. There-
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after, StarGAN implementations in the voice domain begin with the StarGAN-VC
[Kameoka et al., 2018] model which enables non-parallel many-to-many VC. Unlike
StarGAN, StarGAN-VC employs an auxiliary domain classifier (i.e., speaker classi-
fier) different from the discriminator, and adopts identity mapping loss in CycleGAN
[Zhu et al., 2017] to strengthen the preservation of linguistic content. Although
StarGAN-VC is capable of performing non-parallel many-to-many VC, the audios
generated by StarGAN-VC are not of great quality; thus, models with enhancements
to StarGAN-VC were proposed by [Li et al., 2020] and [Sakamoto et al., 2021].
Utilizing a similar network architecture to StarGAN-VC, StarGAN-EVC [Rizos
et al., 2020] aims to modify the emotion in speech rather than the speaker iden-
tity. The components of StarGAN-EVC, namely the generator, discriminator and
emotion classifier are illustrated in Figure 3.1 and briefly explained in the following

sections.

Source Target
Speech Emotion

Generator ( Discriminator

Encoder

Converted

Speech

S

Figure 3.1: Components of StarGAN-EVC: the generator, discriminator and emo-
tion classifier.
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3.2.1 The Generator

The generator consists of fully convolutional layers and takes the input acoustic
feature as a 3D array of size (F x T x 1), where F is the number of features and T
is the number of time frames, similar to a single-channel image. Having an encoder-
decoder structure, the generator first downsamples the input in order to obtain
an emotion-independent latent code, then upsamples the latent code to generate an
output acoustic feature of the same size as the input; (F x T x 1). While upsampling
the latent code one-hot encoded emotion labels are channel-wise concatenated to the
output of each layer.

During training, the generator attempts to deceive the discriminator by produc-
ing real-like speeches using adversarial loss while also trying to preserve linguistic
content through cycle consistency and identity mapping losses. In addition, encour-
aged by the classification loss provided by the emotion classifier, it aims to ensure
that the generated output is in the target emotion. The losses from which the
generator learns can be formulated as follows:

Adversarial loss:

LS, = —E,. [log D(G(x,c),c)] (3.1)

adv

Cycle consistency loss:

Loy =B [llz = G(G(2,¢), ¢) 1] (3.2)

cyc
Identity mapping loss:
['z‘Gd =E, [”17 - G(JZ, CI)HI] (3-3)
Emotion classification loss:

£8 ety = ~Eu 108 Comolc | G, €))] (3.4)

emo_cls

3.2.2 The Discriminator

Following the convolutional downsampling layers and average pooling, the discrimi-

nator tries to estimate the realness/fakeness of the samples with the tanh function.
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Since the training objective of the discriminator is to differentiate fake samples from

real samples, it uses the following adversarial loss:

LP = —E, [log D(z,¢,)] — E... [log(1 — D(G(x,c), c))] (3.5)

3.2.8  The Emotion Classifier

Inspired by the attention-augmented speech emotion recognition (SER) model [Zhang
et al., 2019], [Rizos et al., 2020] employ an emotion classifier which includes two-
dimensional convolutional layers and LSTMs, followed by weighted pooling with
attention. Full architecture of the emotion classifier can be seen in Figure 3.2. This
model is pre-trained with weighted cross-entropy loss before being combined with
the entire model, and then fixed while training the generator and discriminator. The

loss of emotion classifier is denoted as follows:

CE’H’LO
L = —E, [log Cemo(cs | )] (3.6)
T 1 I 1 Tt I gy 1 |
| } | | | | | |
-] ! | | |= | || & = |
I z |28 ; ! i BIELE ] || S 5> 3 | &
! | &= — | —p — | B Al T ! B da |l S —
o & | I 15 =1 7] £ 2 ol £
@ | LWL | = =} = b |
= | | ] @ o ! | (=] "
- | | | | | | Emotion
s g 1L e Il | .| I il [ S | (e __5 Label
MCC Convolution: Convolution: Cenvolution; LSTM: Linear;
channel: 16 channel: 24 channel: 32 hidden size: 128 out feature: 64
36x512x1 ¢ L
36x31221) kemel: Tx7 kemel: Tx7 kermel: 7x7 Dropout
stride: 1 stride: 1 stride: 1 p: 0.2
Max pooling: Max paoling: Max pooling:
kernel: 2x2 kernel: 2x2 kemel: 2x2
stride: 2 stride: 2 stride: 2

Figure 3.2: Emotion classifier model used in StarGAN-EVC.

3.3 Dynamic Time Warping and Soft-DTW

Dynamic time warping (illustrated in the lower part of Figure 3.3) is a technique
used to find an alignment or to compare the similarity between two time series, i.e.,
two sets of samples collected at equal time intervals [Miiller, 2007]. Although its
applications were initially focused on speech processing [Sakoe and Chiba, 1978],

[Rabiner et al., 1978], [Myers et al., 1980], it is currently used in various fields
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such as time series classification (TSC) [Bagnall et al., 2017], [Abdelmadjid and
Boucheham, 2021], gesture generation [Maghoumi, 2020], [Maghoumi et al., 2021],
and handwriting recognition [Rath and Manmatha, 2003], [Efrat et al., 2007]. In
EVC, DTW has so far been used only to find the alignment between parallel source
and target data prior to model training [Ming et al., 2015], [Luo et al., 2016], [Luo
et al., 2017], [Adigwe et al., 2018].

e Lerm(X.Y)=12.9 |

—— Time Series X
—-=—=~ Time Series Y

DTW(X,Y)=2.1
/A

Figure 3.3: Illustration of L1-norm distance and DTW distance between two time
series, X and Y [Cai et al., 2021].

3.3.1 DTW Algorithm

Given two time series X = (z1,22,...,2n), N € Nand Y = (y1,99,...,ym), M € N,

the dynamic time warping algorithm first generates the local distance matrix:

DeRYM: D, =d@,,ym) nell,N], me[l,M] (see Figure 3.4)
(3.7)

where local distance measure d(x,, y,) is any distance function which typically
yields low distance when x,, and y,, are similar, and higher distance otherwise. Using
the local distance matrix, which contains the pairwise distances of time frames in X
and Y, the algorithm aims to find the optimal alignment path p* between two time

series. An alignment path p (also called a warping path) consisting of a sequence
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p = (p1,p2---,PK), K € N where p;, = (ng, my) must adhere to the following rules
[Miiller, 2007], [Senin, 2009]:
Boundary condition: The starting and ending pairs of warping path should

match the first and last time frames of X and Y.
p1 = (171) and Pk = <N7M)

Monotonicity condition: Alignment indices of time series should monotoni-

cally increase on the alignment path.

Ny <=ng <=... <=ng

mp <=mo <=... <=Mk

Step size condition: Alignment path should not jump over any index of any
time series so that each index from one time sequence can match with one or more

indices from the other sequence.

Dk+1 — Dk € {(07 1)7 (17 0)7 (1, 1)}

All alignment paths (examples shown in Figure 3.4) satisfying these three con-

ditions form the set of alignment paths P.

d(x,y)

Figure 3.4: Local distance matrix where N = 4, M = 6. Three examples of align-
ment paths shown in orange, green and purple, with the start and end points of all
alignment paths shown in yellow (Figure adapted from [Cuturi and Blondel, 2017]).
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Alignment cost ¢,(X,Y) is defined as the total distance of alignment path p on
local distance matrix D, and the minimum of all alignment costs (c,-) gives the

DTW distance of two time series:

o(X,Y) = ZDPk = Zd(xnk7ymk> (3.8)
DITW(X,Y) = min{c(X,Y)|pe P} (3.9)

Instead of calculating the cost of all possible alignment paths and finding the
optimal one among them, DTW proposes to utilize dynamic programming (DP) to

build the accumulated cost matrix C, thereby obtaining DTW (X, Y):

4
22;1 d(xly yk) ifn=1
C S RN*M : Cn,m - ZZ:l d([)ﬁk,yl) ifm=1
d(zp, Ym) + min {Chm-1,Crn—1m, Cn—1.m—1} otherwise
\

(3.10)

DTW(X,Y) = Cyu (3.11)

3.3.2 Soft-DTW

DTW can find the optimal alignment path p* and the corresponding minimum
alighment cost between two time series; c,-(X,Y). However, the fact that the
DTW loss is only locally differentiable on the optimal alignment path makes it dif-
ficult to optimize, hence preventing us from using it to train a neural network with
a gradient-based optimization technique. Therefore, [Cuturi and Blondel, 2017]
present a method for differentiable DTW called soft-DTW using a smoothing pa-
rameter 7. They replace the min operation in equation 3.9 with the sum operation.
Since this formulation is differentiable everywhere, this loss can be exploited for
backpropagation in neural networks [Maghoumi, 2020], [Maghoumi et al., 2021].
—ep(X,Y)

soft-DTW(X, Y) = —v log(Ze ), >0 (3.12)

peP
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Chapter 4

METHODOLOGY

4.1 Motivation

StarGAN-EVC uses a single generator for many-to-many emotional voice conver-
sion while allowing speaker-independent training on non-parallel data. These capa-
bilities make it one of the most advanced methods for EVC; however, its outputs
need further improvement in terms of speech quality in order to be used in real-
world applications such as intelligent dialogue systems. Hence, we have focused
on techniques to enhance its speech quality without diminishing its effectiveness in
emotional change.

To encourage better intelligibility, we concentrate on training losses responsi-
ble for maintaining linguistic information: cycle consistency and identity mapping
losses. Considering that DT'W loss is a more robust similarity measure against small
time variations in time-series than the pixel-by-pixel L1 loss, we explore the use of
DTW loss in StarGAN-EVC. Indeed, [Donahue et al., 2021] have shown that DTW
loss which relaxes the exact alignment for target and generated speech features pro-
vides significant performance increase in text-to-speech.

In StarGAN-EVC, the cycle consistency and identity mapping losses implicitly
attempt to keep the speaker characteristics of the converted speech the same as the
source speech. However, since an additional loss dedicated specifically to this task
can further assist the model training in obtaining better outcomes, we have attached
another component to the StarGAN-EVC network architecture, namely the speaker

classifier.
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Figure 4.1: Changing cycle loss from L1 loss to DTW loss: (a) cycle loss in StarGAN-
EVC, (b) cycle loss in our model.

4.2 DTW Loss

Relying on L1 loss, the cycle consistency and identity mapping losses in StarGAN-
EVC are intended to ensure that the linguistic information of speech remains un-
changed during the conversion process. However, the simple L1 loss cannot tolerate
any time shift in model outputs, making it too restrictive when comparing two
speech feature sequences, thus misleading for the model. Considering the temporal
characteristics of speech, instead of L1 loss, we utilize a DTW-based loss which is a
well-accepted practice to compare the similarity between two time series data. To
the best of our knowledge, this is the first work that utilizes DTW-based training loss
in the non-parallel EVC domain. The DTW-based loss relaxes the time-dimensional
matching of the speech features, allowing the model to focus more on mismatches
in the frequency dimension. This helps improve the sound quality of speech by

eliminating artifacts such as crackle and buzz.
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Since vanilla DTW computation is not differentiable everywhere, it is not prac-
tical to use it for the gradient flow in neural networks training. At this point, the
use of Soft-DTW having a soft minimum instead of a minimum has become func-
tional. Therefore, as depicted for cycle consistency loss in Figure 4.1, we replace the
equations 3.2 and 3.3 with the following equations:

Cycle consistency loss:

LS =E,. [soft-DTW (z, G(G(z,c),c.))] (4.1)

cyc
Identity mapping loss:

LG =, [soft-DTW (z, G(z,c,))] (4.2)

4.3 Auxiliary Speaker Classifier

The generator in StarGAN-VC is driven by an auxiliary speaker recognizer to modify
the speaker characteristics of the voice, while the generator in StarGAN-EVC like-
wise uses an auxiliary emotion recognizer to alter the emotional state. In StarGAN-
EVC, other features of speech including linguistic content as well as speaker identity
are protected from destruction by the cycle consistency and identity mapping losses.
Since there is no direct control of the speaker class, some information about this fea-
ture may be missed. In fact, we think that an auxiliary speaker classifier could be
employed to preserve the speaker feature of speech this time, rather than modifying
it. As a result, we extend the StarGAN-EVC model with an auxiliary speaker clas-
sifier. In this way, the model explicitly learns to produce the speech in such a way
that the speaker class of converted speech is the same as that of the source speech.

In the speaker recognizer, reusing the architecture of the emotion classifier, we
change the output dimension of the last fully connected layer in order to adapt it to

the number of speaker classes. The loss of speaker classifier is defined as follows:
LE = —F, [log Copr(ss | )] (4.3)

After pre-training the speaker classifier, we use it to further fine-tune the gener-

ator and discriminator. During fine-tuning, we freeze the weights of the pre-trained
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speaker classifier, and train only the generator and discriminator. The speaker clas-
sifier adds the following loss to the training objectives of the generator.

Speaker classification loss:

L& = —E, . [log Cspi(s: | G(z,¢))] (4.4)

spk_cls

4.4 DTWSC-StarGAN-EVC

Discriminator
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Figure 4.2: Components of DTWSC-StarGAN-EVC: the generator, discriminator,
emotion classifier, and speaker classifier.

Our proposed model, DTWSC-StarGAN-EVC, is a further development of StarGAN-
EVC with DTW loss and auxiliary speaker classifier enhancements. The full archi-
tecture of DTWSC-StarGAN-EVC is shown in Figure 4.2. In addition to the gen-

erator G, discriminator D, and emotion classifier C,,,, we add a speaker classifier
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Cspr to the network architecture in the proposed model. Moreover, instead of L1
loss, we implement soft-DTW for linguistic content preservation losses.

With a special focus on speech intelligibility as well as the perceived emotion
of the converted speech, our contributions to the model mainly affect the training
objectives of generator GG. As a result, the full training objective of the generator G

becomes:

LY = —E,. [log D(G(x,c),c)]
+ Aeye sS0ft-DTW (z, G(G(z,c¢),¢cz)) + Nia soft-DTW (x, G(z,c;))

- )\emo,cls Ex,c [log Cemo(c | G(l’, C))] e Aspk,cls Ew,c [log Cspk(sa: | G({L’, C))]
(4.5)
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Chapter 5

IMPLEMENTATION DETAILS

5.1 Emotional Speech Dataset - IEMIOCAP

In our work, we used the Interactive Emotional Dyadic Motion Capture (IEMOCAP)

database [Busso et al., 2008], which has approximately 12 hours of non-parallel emo-

tional speech collected in 5 sessions. Fach session of this dataset contains audiovisual

recordings of a male and female actor pair, so there are 10 speakers in total. Focusing

on the authenticity of emotional expression, two different approaches are adopted

in the recordings: scripted and improvised. In the first, the actors adhere to the

pre-given emotional script, while in the second, they improvise on hypothetical situ-

ations specifically designed to evoke different emotions. The effort to reflect real-life

emotions makes it an invaluable asset in the affective speech community, as well as

a widely used dataset in EVC.
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Figure 5.1: Number of utterances distributions in IEMOCAP for emotions and

sessions.
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We also used this dataset in our experiments to ensure compatibility with pre-
vious studies. The dataset has a total of 10039 utterances with both categorical
and dimensional emotion annotations. From 9 emotion categories (see Figure 5.1),
we chose 4490 utterances, including angry, happy, sad and neutral data. We used
sessions 1, 2 and 3 for training, session 4 for quantitative and qualitative validation,
and session 5 for testing. Hence, all numerical data reported in the objective and
subjective evaluation sections are results obtained on the test set, unless otherwise

stated.

5.2 Audio Feature Extractor - WORLD

To manipulate the emotional state of speech, the acoustic features that reveal emo-
tional expression, such as the FO contour and spectral sequence [Xue et al., 2018],
must first be acquired from the raw waveform of speech. For this purpose, we used
the vocoder-based WORLD [Morise et al., 2016] as a speech analyzer. Since it has
better sound quality and faster processing time than other speech synthesis systems,
it is more preferred in real-time speech applications such as VC and EVC [Kameoka
et al., 2018], [Rizos et al., 2020]. WORLD extracts aperiodicity parameter (Ap),
fundamental frequency (F0), and spectral envelope features from speech, and can

resynthesize speech using them.

= Ap > Ap l
Source Speech : Converted Speech
i waictor) L (ERVUCRECE, = . Relative .. N WORL_D -
(analyzer) LGNT (synthesizer) :
e e
DTWSC- T
> MO T saaneve T MO

Figure 5.2: Our EVC system.

We employed the Python implementation of WORLD, PyWORLD [Jeremy Hsu,
2022], in order to derive Ap, F0, and the reduced-size spectral envelope having 36

mel-cepstral coefficients (MCCs) from each speech sample, as well as to resynthesize
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speech from modified versions of these features. In our EVC system (see Figure 5.2),
we transformed the MCCs and F0 using the StarGAN-based model and the relative
logarithm Gaussian normalized transformation (LGNT) proposed in [Rizos et al.,

2020], respectively, keeping Ap the same.

5.3 Baseline Models

To evaluate the performance of the proposed model DTWSC-StarGAN-EVC, we
train models with only one of the varying factors in addition to the vanilla StarGAN-
EVC model. In our experiments, the model with DTW loss but no auxiliary speaker
classifier is referred to as DTW-StarGAN-EVC. In the same manner, the model with
auxiliary speaker classifier but no DTW loss is referred to as SC-StarGAN-EVC.

The training of the vanilla StarGAN-EVC was originally optimized for 3 emo-
tions: angry, happy and sad. However, when performing conversion between these
3 strong emotions, we realized that the linguistic content of speech also affected
the subjective perception of emotion; therefore, we believed that it would be more
proper to use speech samples converted from neutral to any emotion in subjective
evaluation.

As a consequence, we perform two separate trainings of the baseline models
and DTWSC-StarGAN-EVC, once with 3 emotions and another with 4 emotions
(including the neutral samples). In total, we have trained 8 models: StarGAN-
EVC, DTW-StarGAN-EVC, SC-StarGAN-EVC and DTWSC-StarGAN-EVC, once

with each of the two modifications for the number of emotions.

5.4 Training Details

The role of the generator G in DTWSC-StarGAN-EVC is to be able to change the
emotion of speech while maintaining speech quality. To this end, the model follows
a three-stage training process:

Reconstruction: In the first stage, only the generator and discriminator are
included in the training. The goal is that the generator can learn to reconstruct

speech from the low-dimensional latent code (the output of the encoder part) while
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retaining the realism and linguistic content of the input speech. Therefore, the

generator uses a certain part of its loss function as follows:

el
LY =—E,. [log D(G(z,c),c)] (5.1
+ Aeye soft-DTW (z, G(G(z,¢),cs)) + Nig soft-DTW (x, G(x,c;))
Emotional conversion: In the second stage, the pre-trained emotion classifier
is included in the model, and it is aimed that the generator can change the emotion
of the input voice towards the target emotion. While training the generator and

discriminator, the weights of the emotion classifier are kept constant. At this stage,
the generator uses the following loss function:
LS = —E,. [log D(G(,c),c)]
+ Aeye S0ft-DTW (x, G(G(z,¢),cz)) + Mig soft-DTW (x, G(z,¢c,)) (5.2)
— Aemo.cls Bz e [10g Cemolc | G(w,¢))]

Fine-tuning: The last stage of model training uses all components of the model,
the generator (G, discriminator D, emotion classifier C.,,,, and speaker classifier
Cspi- The speaker classifier is also pre-trained before being combined with the entire
model, and the weights of both of the auxiliary classifiers are fixed while training G
and D. At this stage, we try to boost both the intelligibility and emotional content
of the converted speech with feedback from the emotion and speaker classifiers. The
generator uses the full loss function in equation 4.5.

The training hyperparameters are listed in Table 5.1. For different variations of
the model, we replace the soft-DTW functions in the loss equations with L1 loss
if the model does not include the DTW loss, or we do not continue with the last

fine-tuning stage of the training if there is no speaker classifier.

Table 5.1: Model hyperparameters.

Batch size 4

15t stage: 200000
Number of iterations 27 stage: 100000
3r? stage: 100000

)\cyca )\ida )\emo,clm )\spk,cls 37 27 17 1
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Chapter 6

EVALUATION RESULTS

In this chapter, we report the results of our experiments to objectively and sub-
jectively evaluate the performance of 4 different frameworks, namely StarGAN-EVC,
DTW-StarGAN-EVC, SC-StarGAN-EVC and DTWSC-StarGAN-EVC. In our eval-
uations, we focus on assessing two main features of human speech: intelligibility and
emotion. In all of our evaluation experiments, we perform our metric calculations

on the test set which is samples from session 5 of IEMOCAP.

6.1 Objective Evaluation

While comparing the performance of the proposed model with the vanilla StarGAN-
EVC model objectively, we also examine the DTW-StarGAN-EVC and SC-StarGAN-
EVC to determine the impact of each factor. In general, we find that the DTW loss
leads to an improvement in speech quality, whereas the auxiliary SC contributes
to a greater elicitation of the emotion feature by distinctly directing the speaker
feature of speech. However, the combination of these two factors in the DTWSC-
StarGAN-EVC model provides us to obtain the relatively best model in terms of
both intelligibility and emotion. The details of these investigations are analyzed in

the relevant parts.

6.1.1 Intelligibility

To objectively evaluate the intelligibility performance of the models, we employ the
widely used mel-cepstral distortion (MCD), and also propose using a novel approach
to measure the recognizability of speech in voice, ASR-based loss. In the following,
the MCD and ASR metrics are briefly explained.

MCD loss: Mel-cepstral distortion (MCD) calculates the distance between two
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sequences of cepstral coefficients on the mel-frequency scale [Kubichek, 1993]. It
uses the following formulation to compute the difference in t-th time frame between

two MCCs having F coefficients:

MCD(t) = b;—om 2N (MCCory (£, 1) = MCCagna(f,1))? (6.1)
F=1

In our case, it is used to measure the distances between the original and converted
speeches of our test set samples. A lower MCD indicates less distortion during
conversion, meaning the model performs better in terms of speech quality.

ASR loss: In addition to the fact that the voice is not distorted, the level of
recognizability of the spoken words also indicates the quality of the speech. Con-
sidering the increasing success of deep learning-based speech recognition models, we
propose to utilize deep ASR models to measure the speech recognizability on the

generated samples.

Classification result

k‘*l 'l.'lr-

Classification result

Frame (time-axis) Frame (time-axis)
(a) (b)

Figure 6.1: Examples of Wav2Vec2 class probability outputs: (a) original speech,
(b) converted speech.

Given the input speech in the waveform, Wac2Vec2 [Baevski et al., 2020], one of
the state-of-the-art ASR models, outputs the frame-by-frame probability predictions
for class labels containing the letters of the English alphabet. Using the pre-trained
Wav2Vec2 [Paszke et al., 2019], [PyTorch, 2022], we obtain the classification prob-

abilities of speech samples as shown in the examples in Figure 6.1. Taking the



Chapter 6: Evaluation Results 29

class label predictions of the original speech as ground truth, we compute the differ-
ence between the t-th time frame predictions of the original speech and the speech
samples converted by different frameworks as follows:

ASR(t) = (proborg(c,t) — probegns(c,t)) (6.2)

c=1
where C denotes the total number of class labels, and prob represents the proba-
bility output of the ASR model. A lower ASR is better as it means less inconsistency

with the original linguistic content.

w3 emo.

SE — w4 ema. [ =] w}‘3 emo.
105+ | =5 == w/ 4 emo.
15.0 L
12.5
o 10.0-
1.5
2.0
25+
c c 0.0
2 = el ol ol ol
o o o o o o
@ e &) o _(\N""B o C’c;;a
2
D k]

Figure 6.2: Results of intelligibility metrics in our experiments: (a) MCD loss, (b)
ASR loss.

Figure 6.2 illustrates the overall mean values of the MCD and ASR losses calcu-
lated over the converted speeches. In these graphs, the effects of using only DTW loss
and adding only the speaker classifier are also shown to better understand their indi-
vidual effects on speech intelligibility. To obtain these statistics, for models trained
with 3 emotions, all samples of 3 emotions in the test set are transformed into 3
emotions, and for models trained with 4 emotions, all samples of 4 emotions in the
test set are transformed into 4 emotions. The error bar on each column represents

the 95% confidence interval for mean values. Additionally, when these mean values
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are analyzed to see whether the difference between the different model frameworks
is significant, it is found that the difference is significant for all pairs of different
model frameworks (p < 0.01) except for the mean ASR losses of StarGAN-EVC and
SC-StarGAN-EVC trained with 3 emotions (p = 0.98).

In Figure 6.2a, we see that while adding the speaker classifier to the StarGAN-
EVC model increases the MCD value by around 7.9% and 15.7% for models with 3
and 4 emotions, respectively, it affects the combined DTWSC-StarGAN-EVC model
with 3.2% and 10.4% reduction in MCD when compared with DTW-StarGAN-EVC.
In total, DTWSC-StarGAN-EVC models provide 23.5% and 37.0% improvement in
MCD compared to StarGAN-EVC models for 3-emotion and 4-emotion models.

Figure 6.2b shows similar patterns for the ASR metric. For the model trained
with three emotions, adding the speaker classifier causes almost no increase in
ASR while combining it with the DTW loss in the DTWSC-StarGAN-EVC model
achieves about 13.5% reduction in ASR, compared with the vanilla StarGAN-EVC
model. Training the model with four emotions, ASR loss increases by 7.7% with the
speaker classifier but again falls by around 9.3% with the combined model trained

under the same conditions.

Table 6.1: Two-way ANOVA for Table 6.2: Two-way ANOVA for
MCD of 3-emotion models. MCD of 4-emotion models.
F Value P Value F Value P Value
DTW 1409.837 < 0.01 DTW 5211.613 < 0.01
SC 69.531 < 0.01 SC 280.373 < 0.01
DTW:SC | 275.006 < 0.01 DTW:SC | 1981.295 < 0.01
Table 6.3: Two-way ANOVA for Table 6.4: Two-way ANOVA for
ASR of 3-emotion models. ASR of 4-emotion models.
F Value P Value F Value P Value
DTW 390.302 < 0.01 DTW 2147.318 < 0.01
SC 1.754 0.186 SC 431.121 < 0.01
DTW:SC 1.928 0.165 DTW:SC | 334.057 < 0.01
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Moreover, we further analyze the effect of DTW and speaker classifier on MCD
and ASR losses, and their interaction by implementing two-way repeated measures
ANOVA tests (see Tables 6.1, 6.2, 6.3, and 6.4). In these tests, simple main effects
analysis shows that DTW has a statistically significant effect on both MCD and
ASR. However, while SC has a statistically significant effect on MCD, its effect on
ASR may not be significant (p > 0.10 for 3-emotion model). The two-way ANOVA
also reveals that there is a statistically significant interaction between the effects of
DTW and speaker classifier for MCD loss, but this is not always the case for ASR
(p > 0.10 for 3-emotion model).

Table 6.5: MCD losses of models with 3 emotions for pairwise conversion between
emotions.

AtoH AtoS HtoA HtoS StoA StoH Overall

StarGAN-EVC 6.368 5878 5796 4.544 4299 3.791 4.913

DTW-StarGAN-EVC 5408 5748 3995 3942 2805 2.675 3.879
SC-StarGAN-EVC 6.409 6.032 5970 4.989 4.834 4.567 5.302
DTWSC-StarGAN-EVC | 5.272 5.539 3.967 3.804 2.714 2.514 3.756

Table 6.6: ASR losses of models with 3 emotions for pairwise conversion between
emotions.

AtoH AtoS HtoA  HtoS StoA StoH Overall

StarGAN-EVC 17,573  16.911 16.142 15.013 17.558 16.717  16.635
DTW-StarGAN-EVC 16.179  16.301  14.452 14.561 13.634 13.667  14.588
SC-StarGAN-EVC 18.338 17.749 15.270 15405 16.556 16.422  16.638
DTWSC-StarGAN-EVC | 15.844 16.257 14.226 14.596 13.298 13.328 14.382

Table 6.7: MCD and ASR losses of models with 4 emotions for conversion from
neutral to one of A/H/S emotions.

‘ NtoA NtoH NtoS

MCD | ASR MCD | ASR MCD | ASR
StarGAN-EVC 5.281 | 16.553 | 4.610 | 16.250 || 3.828 | 15.905
DTWSC-StarGAN-EVC | 2.881 | 14.784 || 2.644 | 14.908 || 2.661 | 15.059
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In addition to overall comparison, we report the MCD and ASR losses for pair-
wise conversion between emotions. Tables 6.5 and 6.6 show the results of models
trained with 3 emotions, while Table 6.7 includes the results of models with 4 emo-
tions. Between StarGAN-EVC and DTWSC-StarGAN-EVC models, the highest
gain is observed in the conversion of sad-to-angry and neutral-to-angry for the 3-
emotion and 4-emotion models, respectively. The DTWSC-StarGAN-EVC model
with 3 emotions shows the best performance in conversions from sad emotion, while
the conversion from neutral using the 4-emotion DTWSC-StarGAN-EVC model

does not differ much in performance between different emotions.

6.1.2 Emotion
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Figure 6.3: Speech emotion recognition model used in data augmentation experi-
ments.

In this part, we try to answer the question of whether improving the audio
quality with our novel DTWSC-StarGAN-EVC model has a negative effect on the
emotion conversion ability, as compared with the vanilla StarGAN-EVC model.
For this purpose, we study the usefulness of the generated audio samples in data
augmentation for a SER model to verify the integrity of the emotional content.

For our experiments, we train the SER model in Figure 6.3 using both the
original training data only (sessions 1, 2, and 3) and the augmented training data.
In this way, we investigate whether we can achieve a performance improvement on
the test set with the augmented data. The samples used in data augmentation are

generated by several variations of StarGAN model; namely, the StarGAN-EVC, the
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StarGAN-EVC with the DWT loss, the StarGAN-EVC with the speaker classifier,
and the combined DTWSC-StarGAN-EVC.

Table 6.8: Fl-scores of data augmentation experiments.

with 3 emotions with 4 emotions

Macro-F1 | Micro-F1 | Macro-F1 | Micro-F1

Ses. 1-3 57.780% | 61.828% | 45.280% | 48.089%
Ses. 1-3 4+ StarGAN-EVC 56.590% | 60.215% | 48.969% | 55.414%
Ses. 1-3 + DTW-StarGAN-EVC 47.460% | 46.416% || 44.222% | 49.469%
Ses. 1-3 4+ SC-StarGAN-EVC 60.825% | 62.007% || 51.107% | 55.202%

Ses. 1-3 + DTWSC-StarGAN-EVC | 62.926% | 65.950% | 47.765% | 51.592%

In Table 6.8, we show the macro and micro F'1 scores on the test set for each of
the mentioned models. Here we perform our experiments with both 3-emotion and
4-emotion SER models. For data augmentation, we use 3-emotion and 4-emotion
StarGAN frameworks accordingly. Our dataset is unbalanced as seen in Figure 5.1,
yet we want to give equal importance to each emotion class. Thus, we will focus on
the macro F1 values, but we also include the micro F1 values for reference.

Table 6.8 shows that 3-emotion and 4-emotion combined DTWSC-StarGAN-
EVC models provide 5.146% and 2.485% improvement in Macro-F1 performance of
the SER model on the test set. Therefore, we can conclude that adding the DTW
loss and the speaker classifier to the vanilla StarGAN-EVC model not only improves
speech intelligibility as evidenced by improvements in MCD and ASR metrics but
also retains the effect on the alteration of emotional content in the voice; such that
the use of the generated audios in the training of the SER model enables the model
to learn emotion differences better and increases its performance in the test set.
On the other hand, when we compare the data augmentation impact of DTWSC-
StarGAN-EVC model with StarGAN-EVC, we see that DTWSC-StarGAN-EVC
performs 6.336% better in SER with 3 emotions, while slightly worse (1,204%) in
SER with 4 emotions. The best performing model appears to be SC-StarGAN-
EVC for the 4-emotion SER model; however, if we take into account intelligibility
performance, DTWSC-StarGAN-EVC is still more advantageous.
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6.2 Subjective Evaluation

The outputs of the models are subjectively assessed using 3 different evaluation ex-
periments, 2 on intelligibility and 1 on emotion, with a total of 10 participants. The
details of the experiments and discussion of the results are described in the relevant
subsections, but briefly, for intelligibility we perform a perception test measuring the
comprehensibility level of each word, and a preference test comparing the results of
2 different models in terms of speech clarity, while for emotion we carry out a clas-
sification test on converted samples to observe whether the outputs are classifiable
by humans.

To perform these experiments, we select a subset of 4 samples from the neutral
labeled samples in the test set. Since our evaluations will also include the subjective
perception of emotion, we use speech samples that have been converted from neutral
to any of the emotions (angry, happy or sad) in all our subjective evaluation test
cases, concerning that otherwise linguistic content may influence emotion perception.
Moreover, we limit the number of words in the experiment samples to between 5
and 10 words in order to ensure that the audio samples are not too long or too
short. Apart from these restrictions, we randomly select 4 audios from the remaining

samples, and use them in all 3 experiments.

6.2.1 Intelligibility

In both evaluation experiments for intelligibility, we include only neutral samples
that have been converted to a happy state, in order to avoid introducing any other
variable than the model structure into the model comparisons and to keep the num-

ber of samples to be listened to within a certain limit.
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Conversion Result 1:
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help

you?

Figure 6.4: Example showing perception test for intelligibility of words.

In the first of our experiments measuring intelligibility, we conduct the mean
opinion score (MOS) test on a 7-point Likert scale to investigate how much the 4
different models affect the audibility of words when converting from one emotion to
another. In this perception test for intelligibility of words, participants are asked to
rate their level of hearing/understanding for each word in the samples converted by
the 4 different STARGAN-based EVC frameworks, as exemplified by the screenshot
in Figure 6.4. The scale used for this assessment ranges from 1 to 7, with 1 meaning
Very Unsatisfied, 4 meaning Neutral, and 7 meaning Very Satisfied.

Figure 6.5a shows the average of the MOS evaluations for each framework. These
results show that the proposed method, DTWSC-StarGAN-EVC, outperforms the
others in terms of speech intelligibility, which is actually in line with the objective
evaluation results. However, we should also note that, according to T-test, DTWSC-
StarGAN-EVC is significantly better than StarGAN-EVC and SC-StarGAN-EVC (p
< 0.01), while the difference between DTW-StarGAN-EVC and DTWSC-StarGAN-
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EVC is not found to be as significant (p = 0.71).
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Figure 6.5: Results of subjective evaluation experiments for intelligibility: (a) per-
ception test, (b) preference test.

For the second intelligibility experiment, i.e., the preference test, participants
are expected to compare 2 listening samples in terms of clarity of speech, defined
as being clear and less disturbing. Each of the samples in the pairs is generated
using a different model, i.e., there are 6 pairs in total where 4 models are compared
for each original speech sample. Participants listen to a total of 24 test cases for
4 samples, as shown in Figure 6.6, and in each test case, they select the one they
prefer as better in terms of speech clarity. In doing so, they are expected to make
a choice within a scale of -3 ”A was clearly better” and 3 "B was clearly better”,
where 0 means " They were almost equal”.

Figure 6.5b shows the preference results of paired combinations between one of
the baseline models and the proposed model. According to these results (T-test
is performed using the scale from -3 to 3), DTWSC-StarGAN-EVC is found to
be significantly favourable over StarGAN-EVC and SC-StarGAN-EVC (p < 0.01).
Furthermore, although DTW-StarGAN-EVC seems to be more preferred, according
to p value (p=0.32), it cannot be said that the difference is significant.
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Figure 6.6: Example showing preference test between 2 model outputs.

6.2.2 FEmotion

The results of objective evaluations investigating the usefulness of the generated au-
dio samples to improve the prediction performance of the SER model through data
augmentation indicate that the converted audios carry similar emotional content to
the original dataset. However, we want to further explore the emotion classes per-
ceived by humans in the model outputs via classification test. For this purpose, we
prepare an experiment in which participants perform one-to-one matching between
3 recordings converted to angry, happy and sad emotions and 3 corresponding emo-
tion labels (see Figure 6.7). Participants perform 16 matching in this experiment,

corresponding to 4 model outputs of 4 original samples.
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Figure 6.7: Example showing classification test for perceived emotion class of con-
verted samples.

Graph in Figure 6.8 shows the accuracy performance of this experiment for 4 dif-
ferent models. Although the mean values of the accuracy scores differ slightly for the
4 frameworks, T-test indicates that the difference between any paired combination
of the 4 models is not found to be as significant (p > 0.10 for all pairs). It should
also be noted that in this experiment, where the random prediction accuracy will
be 33.33%, the accuracy performance of any model is not good enough; therefore,

it can be concluded that the outputs are not yet human classifiable.
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Figure 6.8: Result of subjective classification test.
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Chapter 7

CONCLUSION

In this thesis, we proposed the DTWSC-StarGAN-EVC model, which enables
the alteration of emotion in human speech. Our StarGAN-based model, which is
speaker-independent in both training and inference phases, has a single generator for
multi-emotion conversion. In general, we aimed to achieve more intelligible speech

outputs by improving the baseline model.

7.1 Remarks

We investigated DTW-based training loss in the non-parallel EVC field, which is the
first such study to the best of our knowledge. Furthermore, we experimented with
adding an auxiliary speaker classifier to the model for a better conversion process,
which is also guided in terms of speaker identity. Building these improvements on a
three-stage training process of reconstruction, emotional conversion and fine-tuning,
we have obtained a model that is more intelligible than the baseline model but also
has comparable success in terms of emotional conversion performance.

In the evaluation step, we tried to assess the performance of the model outputs
by targeting both intelligibility and emotional content features. To this end, we pro-
posed a novel ASR-based objective evaluation metric in addition to MCD and data
augmentation results, and presented our purpose-designed subjective evaluation se-
tups. The objective and subjective evaluation results showed that the DTW-based
training loss improved the model mainly in terms of speech quality, while the aux-
iliary speaker classifier revealed the emotion feature of the speech by specifically
isolating the speaker feature. Overall, we found that the combination of these two
factors in the DTWSC-StarGAN-EVC model yielded the relatively best model when

considering the relationship between intelligibility and emotion.
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7.2 Future Directions

Despite the progress made with the model in terms of intelligibility and emotional
content, we acknowledge the limitations that the model still has. The output speech
converted by the model has not yet reached the quality of speech that can be used
in real-life applications. It may be possible to work with larger models, such as
Transformer [Vaswani et al., 2017] and BERT [Devlin et al., 2018], to better preserve
the linguistic information of the voice, but at this point, the real-time conversion
capability may have to be sacrificed. Nevertheless, as future work, we think that
the benefits of using larger models could be examined. Furthermore, our overall
impression on the converted speeches and the evaluators’ feedbacks in the subjective
evaluation suggest that the model tends to increase the amplitude of the whole
speech when making a speech angry and similarly decrease the amplitude of the
whole speech when making it sad, without paying attention to accents or the spoken
word. This is mostly due to the fact that the speech samples in the dataset for angry
and sad emotions generally have these features. As a future work, we think that
a dataset of larger size and with more divergent emotional features could provide
improvements for the model’s ability to convert emotion. Alternatively, the model
could also be trained to learn how to pay attention to parts of speech according to

the spoken words using a text-assisted approach.
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