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Abstract

Voice cloning is the artificial simulation of the voice of a specific person.
We investigate various deep learning techniques for voice cloning and propose a
cloning algorithm that generates natural-sounding audio samples using only a few
seconds of reference speech from the target speaker. We follow a transfer learning
approach from a speaker verification task to text-to-speech synthesis with multi-
speaker support. The system generates speech audio in the voices of different
speakers, including those that were not observed during the training process, i.e.
in a Zero-shot setting. We encode speaker-dependent information using latent
embeddings, allowing other model parameters to be shared across all speakers.
By training a separate speaker-discriminative encoder network, we decouple the
speaker modeling step from speech synthesis. Since the networks have different
data requirements, decoupling allows them to be trained on independent datasets.
Using an embedding-based approach for voice cloning improves speaker similarity
when utilized for zero-shot adaptation to unseen speakers. Furthermore, it mini-
mizes computational resource requirements and could be beneficial for use-cases
that require low-resource deployment.
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List of Abbreviations

AI Artificial Intelligence

DL Deep Learning

HMM Hidden Markov Model

GMM Gaussian Mixture Model

RBM Restricted Boltzmann Machine

CNN Convolutional Neural Network

LSTM Long Short-Term Memory

RNN Recurrent Neural Network

BLSTM Bidirectional Long Short-Term Memory

LUT Lookup Table

ZSL Zero-shot Learning

TTS Text-To-Speech

SV2TTS Speaker Verification to Multispeaker Text-To-Speech Synthesis

UMAP Uniform Manifold Approximation and Projection for Dimension Reduction

MOS Mean Opinion Score

VCTK Voice Cloning Toolkit
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Chapter 1

Introduction

Voice cloning is the artificial simulation of the voice of a specific person.
It can prove to be an extremely useful feature in today’s digital world with
an increased demand for voice-based services. Voice cloning can be used as
a mode of communication for people who lost their voice, in call centers for
automated answering systems, transfer of voices across languages, generating
speech from text in low resource settings, or for merely customization purposes in
voice assistants. Other applications include narration of audio-books, podcasts,
or adding post-production voice-overs for characters in movies or video games.
Recent research in voice cloning has uncovered new synthetic speech generation
techniques that can closely mimic a targeted human voice. Although an average
listener cannot distinguish the difference between a real and a synthesized voice,
there is still potential for development in terms of naturalness.

1.1 Motivation

Training a single-speaker TTS model is effectively a type of voice cloning,
but it has the limitation of not generalizing to multiple speakers. A näıve ap-
proach to achieve multi-speaker voice cloning would be to train separate TTS
models for each speaker. Natural speech synthesis necessitates training on a
large number of high-quality <audio,transcript> pairs, and supporting multiple
speakers typically requires tens of minutes of training data per speaker [1]. It
is however impractical to record a large amount of high-quality data for a large
number of speakers.

Recent approaches in multi-speaker TTS models recognize new speakers based
on an embedding of the target voice. This is usually a low-dimensional embed-
ding that is obtained by using the speaker encoder model, which uses reference
speech as input [1, 2, 3]. A TTS model trained using this approach requires lesser
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Chapter 1. Introduction 7

data and is faster and computationally less expensive to train than a separate
TTS model for each speaker.

In this project, our interest lies in integrating the voice of any speaker with lit-
tle or no change to the base model, making it less computationally expensive and
more data efficient. We follow a transfer learning approach from a speaker verifi-
cation task as demonstrated in the SV2TTS model[3]. We decouple the speaker
modeling step from speech synthesis by training a separate speaker-discriminative
encoder network. This network captures the speaker characteristics in a lower-
dimensional space, independently of the synthesizer, which is then trained by
conditioning it on the speaker embedding generated by the encoder network.
Decoupling the networks allows them to be trained on independent datasets, re-
ducing the need for high-quality multi-speaker training data.

1.2 Objective

The objective of this master thesis is two-fold. First, we would like to
explore different deep learning techniques for voice cloning. As a final goal, we
would like to develop a suitable voice cloning algorithm, which takes only a few
seconds of reference speech and generates natural-sounding audio samples. The
algorithm should be able to generate speech audio in the voice of different speak-
ers, including those unseen during training, that is, in a zero-shot setting.

In summary, the following research questions will be investigated in this Mas-
ter thesis:

• How can a voice cloning model be developed, using only a few seconds of
reference audio signal to simulate the voice of a target speaker?

• Can the model generalize to unseen speakers in a Zero-shot setting?

• What suitable representation can be utilized to capture voice characteris-
tics without requiring additional data?

As a final step, we evaluate the performance of the proposed model and pro-
vide an analysis of the results along with potential ways of improving the model
performance.
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1.3 Thesis Outline

The thesis will be organized in the following manner.

• Chapter 1: Introduction

Introduces the topic of voice cloning highlighting the motivation and ob-
jectives of the Master thesis project.

• Chapter 2: Evolution of Speech Synthesis

Provides a brief history of speech synthesis techniques, from mechanical
synthesis methods through modern deep-learning-based systems.

• Chapter 3: Related Work

Highlights the methodologies used in previous research work in the domain
of voice cloning.

• Chapter 4: Background

Elaborates on the theoretical understanding required for the numerous con-
cepts utilized in the thesis.

• Chapter 5: Voice Cloning - Methodology

Provides a detailed study and analysis of the methods implemented in our
Voice cloning model.

• Chapter 6: Resources

Highlights the dataset and tools used in the project.

• Chapter 7: Experiments and Results

Elaborates the experiments performed and provides an analysis of the re-
sults.

• Chapter 8: Conclusion

Concludes the work with a discussion on the current method and potential
enhancements for future work.



Chapter 2

Evolution of Speech Synthesis

Humans have been in a continuous endeavor to synthesize human voice for
centuries; the first attempt being made in the 18th century. A historical overview
may be beneficial in understanding how modern systems work and how they have
evolved to their current form. The history of synthesized speech is explored in
this chapter, from the earliest mechanical efforts to the methods that form the
foundation for the state-of-the-art synthesizers used in practice today. Several
key milestones in synthesis-related methodologies and techniques will also be
briefly examined.

Naturalness and intelligibility are the most significant characteristics of a
speech synthesis system. Naturalness refers to how closely the output resembles
human speech, whereas intelligibility refers to how easily the output can be com-
prehended. A speech synthesis system should ideally produce speech audio that
is both intelligible and natural-sounding.

2.1 Mechanical Synthesis

Around 1750, Leonhard Euler developed a physical understanding of sound
waves. He questioned how speech could emerge from air flow through the tract
and vocal folds related to the tonal qualities of the letter when it was spoken. He
speculated that some kind of musical instrument might be possible to produce
similar sounds and combined together into comprehensible words, resulting in
the first ideation of a mechanical synthesizer of human speech. Following the
ideas of Euler, Prof. Kratzenstein at the University of Copenhagen explained
the physiological differences between the five long vowels (/a/, /e/, /i/, /o/, /u/)
and created an apparatus to produce them artificially in 1779. He created acous-
tic resonators that resembled the human vocal tract and activated them with
vibrating reeds similar to those used in musical instruments.
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Chapter 2. Evolution of Speech Synthesis 10

Wolfgang von Kempelen presented the “Acoustic-Mechanical Speech Ma-
chine” in Vienna a few years later, capable of producing single sounds along
with certain sound combinations. A pressure chamber simulating the lungs, a
vibrating reed acting as vocal cords, and a leather tube replicating the vocal
tract action were the key components of the machine. He could make varied
vowel sounds by changing the shape of the leather tube. Four distinct restricted
channels were used to simulate consonants, which were controlled by the fingers.
He also used a model of a vocal tract with a hinged tongue and movable lips for
plosive sounds. The vocal tract, a chamber between the vocal cords and the lips,
was considered to be the primary site of acoustic articulation, according to his
research [4, 5].

Around the mid-nineteenth century, Charles Wheatstone built his famous ver-
sion of von Kempelen’s speaking machine. Slightly more sophisticated, it could
create vowels as well as the majority of consonant sounds. Some sound combi-
nations, as well as whole words, were also feasible to generate. All passageways
were closed, and vowels were created with a vibrating reed. Resonances were
altered by distorting the leather resonator in the same way that von Kempelen’s
mechanism did. Using turbulent flow through an appropriate passage with reed-
off, consonants including nasals were produced.

Inspired by Wheatstone, Alexander Graham Bell built a speech machine of
this kind together with his father in the late 1800’s. Research and tests on
mechanical and semi-electrical vocal system analogs were conducted until the
1960s, without noticeable success.

2.2 Electrical Synthesis

The advancement in electrical engineering around the beginning of the 20th
century allowed vocal sounds to be synthesized using electrical techniques. The
Voice Operating Demonstrator (abbreviated as the VODER), created by Homer
Dudley, debuted during the 1939 World Fair in New York and was the first device
recognized as a speech synthesizer. A wrist bar was used to pick a voicing or
noise source, and a foot pedal was used to alter the fundamental frequency. The
source signal was fed through ten bandpass filters, the output levels of which
could be adjusted by the fingers. Although the voice quality and intelligibility
were poor, the ability to create artificial speech was clearly established.
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The scientific community grew increasingly interested in speech synthesis with
the demonstration of VODER. Finally, it was demonstrated that understandable
speech may be generated artificially. VODER’s core structure and concept are
quite similar to current systems that use the source-filter-model of speech. In
1951, Franklin Cooper and his colleagues at Haskins Laboratories produced a
Pattern Playback synthesizer, which transformed recorded spectrogram patterns
into sounds, either as they were or as they were chosen to be modified.

2.3 Concatenative Synthesis

The concatenation (or joining together) of pre-recorded voice fragments is
the basis of Concatenative Speech Synthesis (abbreviated as CSS). In general,
concatenative synthesis yields the most natural-sounding synthetic speech. As
long as adequate voice data is available for development, this method has the
benefit of producing extremely natural-sounding speech. The downside is that
all of the speech segments used must be pre-recorded, limiting the option of
speaker voices and other verbal expression modifications. There are three sub-
categories of concatenative synthesis – Unit Synthesis, Diphone Synthesis, and
Domain-Specific Synthesis [6] .

In unit selection synthesis, large datasets of recorded speech are employed.
During the database building process, each recorded voice is separated into one
or more of the following categories: phones, diphones, half-phones, morphemes,
syllables, phrases, words, and sentences. Typically, segmentation is performed
using a specially adapted speech recognizer in “forced alignment” mode, with hu-
man correction using visual representations such as waveforms and spectrograms.
Since only a minimal amount of digital signal processing (DSP) is applied to the
recorded voice, unit selection delivers the most realistic results.

A diphone, in phonetics, is the phone transition between a pair of neighbor-
ing phones in a sentence. Diphone synthesis works by storing all of a language’s
diphones in a tiny speech database. The voice database in diphone synthesis only
has one example of each diphone. Digital signal processing techniques like linear
predictive coding, PSOLA, or MBROLA, as well as more recent procedures like
pitch modulation in the source domain using the discrete cosine transform, su-
perimpose the intended prosody of a phrase on these minimal units at runtime.
Diphone synthesis is negatively impacted by the sonic glitches of concatenative
synthesis and the robotic-sounding nature of formant synthesis.



Chapter 2. Evolution of Speech Synthesis 12

Another type of concatenative synthesis is domain-specific synthesis, which
joins the pre-recorded phrases and words to generate whole utterances. It is used
when the output of the system is confined to a single domain, as in applications
like weather reports [7]. These systems are not general-purpose and can only
produce pre-recorded words and phrases since they are restricted by the words
and sentences in their databases. However, merging words within naturally spo-
ken language may still pose challenges unless numerous variations are taken into
account.

2.4 HMM based Synthesis

While concatenative synthesis may produce natural-sounding synthetic voice,
the technique is limited by the voice corpus characteristics utilized in the process
of unit selection. Only pre-recorded segments, like diphones, can be utilized for
voice production in concatenative systems resulting in a lack of flexibility.

Another TTS technique that has been quite prominent in the realm of voice
technology is statistical parametric voice synthesis (SPSS) [8]. It tackles the
principal constraint of concatenative systems, by producing speech using statis-
tical language models (also known as an acoustic model), rather than depending
on pre-recorded units. These statistical models are machine-learned from speech
corpus consisting of audio recordings and the respective text transcripts. Statis-
tical probability models help determine the word sequence which is most likely
to occur based on probability values of a phoneme (the fundamental sound unit)
being uttered.

A complete SPSS system includes modules for text analysis, feature extrac-
tion, and waveform creation. The traditional approach is based on a HMM-GMM
architecture[9] for feature extraction and a vocoder for waveform generation.
The parameters of a speech unit, such as the spectrum, phoneme duration, and
the fundamental frequency (F0), are statistically modeled and generated using
HMMs based on the maximum likelihood criterion.
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Figure 2.1 The training and synthesis components of a typical HMM-based
speech synthesis system depicted as a block diagram. This figure is extracted
from Black et al.,2007 [8].

The advantages of HMM-based generation include the capacity to easily alter
voice qualities and to adapt it to a variety of languages with minimal modi-
fication. It has a tiny footprint and can be used to synthesize a wide range
of speaking styles or speech with emotion. The quality of speech generated is
the most significant drawback of the HMM-based generation synthesis technique
over the unit selection approach. Over-smoothing, modeling accuracy, and the
Vocoder are the three factors that appear to impair speech quality.

2.5 Deep Learning based Synthesis

Deep learning and end-to-end approaches have significantly contributed to
recent improvements in voice synthesis, which have been used to improve a wide
range of applications like chatbots and conversational AI. Deep learning-based
methods for voice synthesis can operate on massive datasets of <speech, text>
pairings to identify effective feature representations that bridge the gap between
speech and the corresponding text transcript. Unlike HMM-based methods that
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map linguistic features to probability densities of speech parameters using several
decision trees, DL-based methods directly map linguistic features into acoustic
features using deep neural networks, which are particularly efficient at learning
intrinsic data features. Numerous models have been proposed in the long lineage
of studies that use Deep Learning techniques for speech synthesis, some of which
will be highlighted in this section.

The first is the Restricted Boltzmann Machine, which is commonly used to
model the spectral envelopes of acoustic parameters. A deep belief network
(DBN) with multi-distribution is a method for simulating the simultaneous dis-
tribution of context information and auditory characteristics. It uses three
forms of RBMs to represent the continuous spectral, multi-space F0, and dis-
crete voiced/unvoiced (V/UV) parameters simultaneously. A DBN is used to
represent the joint probability of syllables and speech characteristics, therefore
reducing over-smoothing in HMM-based speech synthesis [10].

Another approach is to employ a BLSTM-RNN, which is a modified version
of a bidirectional recurrent neural network. It substitutes units in the BRNN’s
hidden layers with LSTM memory blocks, with which it may store information
for long and short time contextual dependencies, both in the forward and back-
ward directions. To predict the acoustic parameters in speech synthesis using
a BLSTM model, we must first transform the input text into a feature vector,
and then pass it to the BLSTM model which can then map the input features
to acoustic features. The output consists of static features like spectral enve-
lope, fundamental frequency, gain, and Unvoiced/Voiced decision flags, or sim-
ply a spectrogram, which are then passed to a Vocoder to generate the speech
waveform[11].

TTS systems usually comprises of a text analysis front-end, an acoustic model
and a speech-synthesizer. These components are trained independently and rely
on broad domain expertise which is not only cumbersome but can lead to propa-
gation and accumulation of errors from each individual component. End-to-end
approaches in speech synthesis, that combine all the constituent components into
a single integrated framework, are increasingly being used in voice synthesis in
order to overcome this issue. WaveNet, a deep generative model of raw audio
waveforms, was suggested by DeepMind in September 2016, exhibiting the ability
to generate raw waveforms using acoustic features such as spectrograms or mel-
spectrograms. Char2wav, a model for producing raw waveforms in an end-to-end
fashion, was suggested in early 2017. To produce acoustic features directly from
the input text, Facebook and Google proposed the VoiceLoop and Tacotron ar-
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chitectures, respectively. It had the capability to train a speech synthesis model
end-to-end with text and audio pairings, avoiding the laborious feature engineer-
ing steps. Google later proposed Tacotron2, another end-to-end speech synthesis
system that integrated the WaveNet vocoder with the updated Tacotron archi-
tecture.

Deep Learning end-to-end methods in Speech Synthesis have garnered atten-
tion in the research community due to its powerful model capacity allowing it
to capture latent information within the data with minimal feature engineering.
Unlike concatenative synthesis, it has a smaller footprint as it eliminates the
need to maintain large databases. However, most end-to-end methods are slow
during inference due to their auto-regressive nature. Lack of sufficient data can
lead to generation of output speech that is not robust and has the problem of a
flat prosody if not conditioned properly.



Chapter 3

Related Work

As discussed in Section 2.5, the interest in the development of end-to-end
trainable TTS models have been substantial. These architectures do not rely on
feature engineered intermediate representations, but are directly trainable from
large datasets of <text, audio> pairs [12, 13].

In 2017, Wang et al. introduced Tacotron, a sequence-to-sequence model
combined with the attention mechanism[14] capable of creating a spectrogram
from a character sequence, further decreasing the reliance on domain expertise.
Tacotron used the Griffin-Lim method as the vocoder to convert the predicted
spectrograms to audio waveforms.

The arrival of WaveNet (van den Oord et al., 2016) marked a significant ad-
vancement in TTS. Given a raw signal input, WaveNet uses a deep convolutional
neural network architecture to synthesize an audio output autoregressively, one
sample at a time. This is done by sampling a signal value from a softmax distri-
bution, which is then encoded using the µ-law companding and quantized to 256
potential values. WaveNet uses stacked one-dimensional dilated causal convolu-
tions. Unlike standard convolution which does not take into account the direction
of convolution, causal convolution guarantees that the output at time step t is
derived only from the inputs until time t–1. The exponentially increasing dilation
factor with every layer depth allows for a very broad receptive field and increased
non-linearity required to produce raw audio.[15] By blending Tacotron’s prosody
with WaveNet’s audio quality, Tacotron 2 achieved naturalness close to that of
human speech. It replaced the Griffin-Lim with WaveNet as a vocoder to invert
spectrograms which were generated by an encoder-decoder architecture similar
to Tacotron. However, it was not designed to provide multi-speaker support [16].

Gibiansky et al. enhanced the Neural TTS architecture with a trainable low-
dimensional speaker embedding to generate a multi-speaker TTS. They demon-
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strated that this single neural TTS model can learn hundreds of distinct voices,
achieving high audio quality while simultaneously preserving the speaker iden-
tities. Deep Voice 3[17] proposed a simple, fully convolutional encoder-decoder
architecture which provided high efficiency during training along with fast model
adaptation, providing multi-speaker support for over 2400 speakers from the Lib-
riSpeech dataset.

These methods were only capable of learning a restricted range of speaker em-
beddings and hence only allowed voice synthesis of target speakers seen during
training. As a novelty, VoiceLoop[17] instead suggested a new architecture based
on a memory buffer of a fixed size, which could generate voices from speakers
that were not observed while training. However, it required tens of minutes of
transcribed speech during the enrollment of a new speaker in order to obtain
good results.

Recent developments have utilized few-shot speaker adaptations where just a
few seconds of untranscribed speech audios per speaker could be used to generate
a cloned voice corresponding to that speaker[2]. Extending Deep Voice 3, Arik
et al., 2018, proposed a method to achieve Voice Cloning from a Multi-Speaker
Generative Model. It highlights two approaches to Voice cloning, namely Speaker
Adaptation and Speaker Encoding, and provides a comparison between the two.
The speaker adaptation method is similar to VoiceLoop, where the model pa-
rameters, as well as the speaker embeddings are fine-tuned on a small adaptation
data. The speaker encoding method uses a neural network to generate a speaker
embedding vector from a spectrogram. The naturalness of speech and similar-
ity to the target speaker is slightly better for the Speaker adaptation method,
whereas the speaker encoding approach performs better in terms of cloning time
and memory footprint, making it beneficial for low-resource deployment.

While the existing multi-speaker TTS systems relied on speaker embeddings
stored in Lookup Tables, Nachmani et al. [18] extended the VoiceLoop to re-
move the need for LUTs. This was done by introducing an additional speaker
encoding network to predict the target speaker embedding. The encoding net-
work is jointly trained along with the synthesizer network using a triplet loss to
ensure that the embeddings generated from the utterances by the same speaker
are closer in the latent embedding space than those computed from other speak-
ers. In addition, other consistency losses are used to ensure that the synthesized
speech encodes to an embedding similar to that of the adaptation utterance.
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A similar network was introduced by Skerry-Ryan et al. [19], to transfer tar-
get prosody to the synthesized speech. A latent embedding is learned in the space
of prosody by a reference encoder, obtained from a reference acoustic signal con-
taining the prosody to be replicated. A Tacotron synthesizer is then conditioned
on this learned embedding space, resulting in synthesized audio incorporated
with prosody resembling that of the reference signal, even if different speakers
are used in the reference and synthesized speech.

Wang et al. [20] introduced Global Style Tokens, a set of style embeddings
that learn to simulate a wide variety of acoustic expressiveness. It is jointly
trained within Tacotron without the use of any explicit labels. Global Style
Tokens provide a wide range of notable outcomes, regulating the synthesis by
changing the pace and style of speech, irrespective of the textual content. They
may as well be used for style transfer, which involves mimicking the speaking
style corresponding to a reference audio clip over an entire corpus of text. Global
Style Tokens paved the way for highly scalable and robust speech synthesis, as
it learns to factorize speaker identification and noise when trained on unlabeled,
noisy data.

Jia et al. explored a Transfer Learning method from Speaker Verification to
Multipeaker TTS, similar to the speaker encoding models in [2, 18]. Unlike [18],
which utilized a speaker-discriminative network all of whose components were
trained jointly, SV2TTS proposed transfer learning from a pre-trained speaker
verification model. A separate network independently trained on a large dataset
of untranscribed audio from 18k speakers is utilized for a speaker verification
task, using a state-of-the-art generalized end-to-end loss [21].



Chapter 4

Background

4.1 Sequence-to-Sequence Models

Deep Neural Networks, despite their power and flexibility, can only be used
to solve problems where the inputs and the corresponding targets can be mean-
ingfully encoded with vectors of fixed dimensionality. This is a severe limitation,
as many sequential tasks like machine translation and speech recognition are best
described with sequences whose durations are not known in advance.

Sutskever et al., 2014 [22], proposed a Sequence-to-Sequence approach, which
is an end-to-end sequence learning approach with minimal assumptions about
the sequence structure. As part of this strategy, a multilayered Long Short-Term
Memory (LSTM) is utilized to map the input sequence to a single-dimension vec-
tor before decoding the target sequence from the vector with another LSTM [22].

4.2 Zero-Shot Learning

Zero-shot learning (ZSL) is an approach in machine learning aimed at clas-
sifying objects whose instances have not been encountered during the training
procedure, i.e. in the event of occurrence of disjoint training and test classes.
This type of learning is usually inspired by observations on how humans learn
and recognize entirely unseen classes when given a high-level description of the
object. Thus, it appears plausible to believe that humans can transfer their
knowledge between activities that are comparable but not identical (multi-task
learning).

The motivation behind ZSL is to address the tasks in which adequate labeled

19
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data is not available in the training dataset to cover all of the classes to be cat-
egorized, as well as in multi-task problems wherein the available training data
does not provide samples of outputs that are desirable for certain tasks to be
accomplished[23].

Zero-shot methods associate the observed and unobserved classes by using
some type of auxiliary information that encodes the discriminative features of
objects. For instance, if an AI has been trained to detect horses but has never
observed a zebra, it may still detect a zebra if it also knows that zebras appear
like striped horses. This is possible when it is provided with a series of animal
images to be classified along with supplementary textual descriptions of the ap-
pearance of the animals. ZSL has garnered a lot of attention in the fields of
computer vision, machine perception, and natural language processing.

There are two common approaches used to solve the zero-shot recognition
problems.

• Embedding Space approach: The fundamental idea of this method is
to use a projection function trained using deep neural networks to map
semantic features of the data (image, text or audio) into a shared fixed-
dimensional embedding space. During training, the aim is to find a projec-
tion function from visual space to semantic space (that is, word vectors or
semantic embedding) using information from the observed categories.

During inference, the input features from an unseen category are fed into
the trained model, and an embedding is obtained which summarizes the in-
put feature into a compact representation that describes the corresponding
class. In order to perform the classification on the predicted output of the
network, nearest-neighbor search or a similarity scoring metric is used in
the latent embedding space to identify the most similar result. The class of
the input feature is predicted as the class which corresponds to the nearest
embedding in the latent space.

• Generative model approach: The purpose of the generative technique
is to utilize semantic attributes to generate features for unseen categories.
In most cases, a conditional generative adversarial network (cGAN) is em-
ployed, which generates features based on the semantic attribute corre-
sponding to a given class.
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4.3 Attention

Given the richness of human language, automatic or machine translation
is probably one of the most complex tasks tackled by artificial intelligence. Neu-
ral machine translation, proposed by Kalchbrenner and Blunsom, 2013 [24], is
an approach to solve this task. In contrast to the traditional systems based
on phrase-based translations [25] consisting of multiple smaller sub-components,
neural machine translations attempt to train one single neural network which
reads in a sentence and provides the correct translation.

A majority of the models proposed for translation follow an encoder-decoder
based architecture [22, 26], constituting of an encoder and a decoder for each lan-
guage, or involving the use of a language-specific encoder, the outputs of which
are then compared [27]. The encoder neural network learns a meaningful rep-
resentation from the source sentence and compresses all the information into a
fixed-length encoded vector. The decoder network then reads the encoded vector
and outputs a translation. The entire encoder-decoder for a certain language pair
is jointly trained to maximize the probability of obtaining a correct translation
for a source sentence.

The fact that a neural network must be able to compress all of the essen-
tial information from a source phrase into a single fixed-length vector is a serious
drawback of the encoder–decoder architecture. Long sentences, particularly those
that are longer than those in the training corpus, may be challenging for the neu-
ral network to adapt to. Cho et al., 2014 [26] demonstrated that when the length
of an input phrase rises, the performance of a simple encoder–decoder degrades
rapidly.

To address this bottleneck caused by the fixed-length encoded vector, Bah-
danau et al., 2014 [14] proposed an extension to the encoder–decoder, referred to
as the Attention model, that learns an alignment during translation. The sug-
gested approach determines a set of locations in a source phrase where the most
significant information is concentrated. Contrary to the basic encoder–decoder
model, it does not make an attempt to encode the entire input sentence into one
single fixed-length vector. Instead, the input sentence is encoded into a series
of vectors. A subset of these vectors are adaptively chosen during the decoding
step of the translation. This liberates the model from having to compress the in-
formation contained in a variable-length source sentence, into a fixed-size vector.
This helps the model to better adapt to longer sentences[14].
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Figure 4.1 Illustration of the Attention mechanism generating the t-th target
word yt provided with a source sentence (x1, x2, . . . , xT ). This figure is extracted
from Bahdanau et al., 2014 [14].

The context vector ci is computed from a sequence of annotations

(h1, h2, . . . , hTx)

These annotations are generated as encoder outputs at each time-step of the
input sentence. Each annotation hi contains information about the entire input
sequence, primarily focusing on the region surrounding the i-th word of the input
sentence. The context vector is then calculated as the weighted sum of the
annotations:

ci =
Tx∑
j=1

αijhj (4.1)
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The weight aij corresponding to annotation hj is computed as:

αij =
exp (eij)∑Tx
k=1 exp (eik)

(4.2)

where,
eij = a(si−1, hj)

is an alignment model which scores how well the encoded inputs around po-
sition j match with the current decoder output at position i.

4.4 Autoregressive Models

The word autoregressive is derived from the literature pertaining to time-
series models, in which the observations from prior time-steps are utilized to pre-
dict values at the present time-step. Deep autoregressive architectures have wit-
nessed a lot of success in recent architectures like PixelCNN[28] and WaveNet[15].

Given a dataset D with n-dimensional data-points xxx, a sequential technique
is used to sample from an autoregressive model. We sample x1 first, then x2 con-
ditioned on the previously sampled x1, then x3 conditioned on both x1 and x2.
This continues until we sample xn conditioned on all the previously sampled x<n.

Sequential sampling may be a costly procedure especially for applications
that generate high-dimensional data in real-time, as in audio synthesis. This
is the primary reason that makes autoregressive networks like WaveNet[15] ex-
tremely slow during inference. Several other papers like Parallel WaveNet[29]
have proposed methods to sidestep the use of this expensive sampling process
using Inverse Autoregressive Flows to allow for more efficient sampling [29].

4.5 Teacher Forcing

Recent advances image captioning and machine translation show that re-
current neural networks may be taught to create sequences of tokens given some
input. The recurrent network models data through a fully-observed directed
graphical model, decomposing the distribution over the discrete time-sequence
y1, y2, . . . .yT into an ordered product of conditional distributions across tokens.
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P (y1, y2, . . . yT ) = P (y1)
T∏
t=1

P (yt | y1, . . . yt−1) (4.3)

The most prevalent training technique is by far the concept of maximum
probability. The utilization of a teacher signal d(t) in place of the predicted
output y(t) is a noteworthy technique often employed in dynamic supervised
learning problems. This teacher signal d(t), whenever present, is applied in the
subsequent calculation of the behavior of the network. This method of training
is often referred to in RNN literature as Teacher forcing [30] because the ground-
truth samples yt are reintroduced to the model as the teacher signal. It is a form
of feedback or conditioning employed to predict the future outputs, which forces
the predictions of the RNN to remain closer to the original ground truth sequence.

Teacher Forcing allows for faster convergence. The predictions for a model
are usually quite dismal at the early phases of training. Without employing this
technique, a series of incorrect predictions will alter the hidden states of the
model, accumulating and amplifying the errors, making it harder for the model
to learn something constructive.

However, during inference, ground-truth tokens are not available. Hence, the
previous unknown token is substituted by the token predicted by the model itself.
This mismatch between the training and inference phases might result in small
prediction errors that build up rapidly along the produced sequence. Bengio
et al. proposed a curriculum learning approach to gradually transition from an
entirely guided training scheme utilizing the true previous token, towards a less
guided scheme that mostly uses the generated token instead. Experiments on a
variety of sequence prediction problems demonstrate that this method improves
performance significantly[31].

4.6 Dropout

With the rising complexities of the problems that Machine Learning sys-
tems must answer, big networks with a large number of parameters, are becoming
more commonplace. These deep neural networks, despite their immense capa-
bility, are prone to heavy overfitting, resulting in poor generalization. To avoid
this, predictions from numerous large neural networks could be combined during
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inference. However, deep networks are particularly sluggish to execute, making
this approach extremely challenging. Srivastava, et al., 2014, proposed Dropout,
an approach to resolve the problem of overfitting in neural networks[32].

During training, neurons (together with their connections) are dropped at
random from the neural network. In a standard neural network, excessive co-
adaptation among individual units develop during learning through back-propagation.
This becomes relevant only for the training data and the model fails to gener-
alize to data that it has not encountered before. By introducing uncertainty to
the presence of a particular neuron in a hidden layer, random dropout disrupts
these co-adaptations. Dropout adds a new hyperparameter to the equation: the
probability p of retaining a neuron. The intensity of dropout is controlled by
this hyperparameter. If p = 1, there will be no dropout. A lower value of p
implies more dropout. For concealed units, typical values for p range from 0.5 to
0.8. For the input layers, The type of input influences the choice of the value of p.

Figure 4.2 A Neural Network Model (a) Without dropout (b) With dropout
applied. The units that are crossed have been dropped. This figure is extracted
from Srivastava et al., 2014 [32].

This method has been identified to improve the performance of neural nets in
a broad range of domains like object classification, speech recognition, document
classification, digit recognition, etc. On ImageNet, SVHN, MNIST, and CIFAR-
100, methods applying dropout produce state-of-the-art results. On other data
sets, dropout significantly enhanced the performance of regular neural nets.
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4.7 Zoneout

As seen by the frequent usage of early stopping and the success of ap-
proaches like dropout and its recurrent versions, regularizing neural nets can
greatly enhance performance. Recurrent Neural Networks (RNNs) use an input-
dependent transition operator to fold incoming observations into their hidden
state. This enables them to create a fixed-length representation of any arbitrary-
length sequence. The use of the same transition operator at different time-steps
in a sequence can, however, make an RNN’s dynamics sensitive to slight changes
in the hidden state.

Krueger et al., 2017, introduced Zoneout in a bid to improve the robustness
of RNN’s to perturbations in the hidden state, so as to regularize the transition
dynamics [33]. It is a simple regularizer for RNNs that stochastically preserves
the activations of hidden units.

Similar to dropout, zoneout introduces noise during the training step. How-
ever, rather than setting the activation of certain units to 0, as in dropout,
zoneout randomly substitutes the activation values of some units with their ac-
tivations from the preceding time-step. At test time, the expectation of the
random noise was employed, just as it was in dropout. This yields a straightfor-
ward regularization method that can be used for any RNN architecture and can
be theoretically extended for use in any model whose state changes over time.
When compared to dropout, zoneout is attractive since it maintains information
flow over the network in both forward and backward directions. This helps to
tackle the problem of vanishing gradients[33].

Zoneout outperforms numerous alternative regularizers to produce results
competitive with state-of-the-art on the Text8 and Penn Treebank datasets, as
well as state-of-the-art on pMNIST. Although trying out several zoneout values
can help fine tune zoneout for each task, low zoneout probability values (0.05 -
0.2) on states consistently improve the performance of existing models.
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Voice Cloning - Methodology

5.1 Overview

Our implementation of Voice Cloning is based on “Transfer Learning from
Speaker Verification to Multispeaker Text-to-Speech Synthesis”, referred to as
SV2TTS (Jia et al., 2018). Some modifications have been made to the baseline
architecture, the most significant being the replacement of the WaveNet based
Vocoder by WaveGlow. The primary idea is to offer faster inference speeds,
without sacrificing on performance. SV2TTS illustrates a zero-shot voice cloning
framework, requiring reference speech of only 5 second duration. The SV2TTS
paper combines three prior works from Google, namely, the Generalized End-
to-End (GE2E) Loss [21], Text-to-Speech model based on Tacotron [13] and a
Vocoder based on WaveNet [15].

Figure 5.1 The SV2TTS architecture represented as a block diagram. The
green, blue and red blocks denote the Encoder, Synthesizer and Vocoder units
respectively.

27
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The combined framework, as shown in Figure 5.1, consists of a three-stage
pipeline, where each stage corresponds to the models in the order described:

• A speaker encoder network that generates a latent embedding from a short
utterance corresponding to a particular speaker. This latent embedding
is innately a compact representation of the voice of the speaker. Similar
to the idea of word embeddings, the latent embeddings for similar voices
will be closer together in that N-dimensional latent space. The speaker en-
coder model is trained using the GE2E loss based on a speaker verification
task, which is described in Wan et al., 2017 [21] and Heigold et al., 2015 [34].

• A Text-to-Speech Synthesizer which when conditioned on the speaker em-
bedding, generates a spectrogram from the text transcript provided. This
model is based on the popular Tacotron 2 architecture [16].

• A vocoder, based on WaveNet [15], that generates an audio waveform from
the synthesized spectrograms. We have used WaveGlow as the vocoder in
our implementation to allow faster inference.

A nice characteristic of this framework is that the individual models can be
trained independently and, if needed, on inherently distinct datasets as well.
For the speaker encoder model, it is essential to make it robust to noise, while
accurately capturing the various traits of the human voice. To achieve this, the
encoder needs to be trained on a large dataset comprising of diverse speakers.
The dataset need not be transcribed, as the linguistic content of the speech is not
of particular importance while interpreting the voice characteristics. This follows
as a result of the encoder being trained using the GE2E loss, requiring nothing
but the speaker identity. The problem to be solved thus becomes a speaker
verification task. However, instead of explicitly classifying speakers, we use the
latent embedding generated by the model as a meaningful, concise representation
of the speaker’s voice. This embedding is thus an appropriate candidate for
conditioning the synthesizer on a voice. For the synthesizer and the vocoder,
transcripts are required, and the quality of the generated audio can be expected
to be only as good as that of the data used in training. High-quality audios and
annotated datasets are thus preferable while training the Synthesizer and Vocoder
networks. However, for the speaker encoder, there is also no strict requirement
on the level of noise in the audios, and a noisy dataset should technically make
the model robust to the presence of any noise in the reference speech provided
during inference.
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5.2 Problem Definition

Let us consider a dataset containing fixed size utterances of multiple speak-
ers grouped by the speaker IDs. The utterances are all in the waveform domain
from which log-mel spectrograms are computed to be used as features for the
encoder.

The jth utterance from the ith speaker is denoted as uij, and the correspond-
ing mel-spectrogram is denoted as xij. The encoder E computes an embedding
eij = E(xij; wE) from the utterance uij (wE being the parameters of the encoder).
The centroid embedding ci is calculated for each speaker as the average of all the
utterance embeddings.

With the speaker embeddings generated, the Synthesizer S can be used to
predict an approximate of xij, provided with the speaker embedding ci and the
text transcript tij for the utterance uij. Thus, we obtain x̂ij = S(ci, tij; wS),
where S is parametrized wS .

A vocoder V , defined by the parameters wV , can now be used to approximate
the utterance uij from the mel-spectrogram x̂ij predicted by S. This is then
denoted as ûij = V(x̂ij; wV).

Training this entire framework in a true end-to-end approach would require
the minimization of the following loss function directly in the waveform domain:

min
wE ,wS ,wV

LV (uij,V (S (E (xij; wE) , tij; wS) ; wV)) (5.1)

However, this end-to-end technique poses multiple challenges and is therefore
not suitable for the task of Voice Cloning [35].

• It necessitates training all the three models (Encoder E , Synthesizer S and
Vocoder V) on the same dataset, which should ideally fulfill the desired cri-
teria for all three models. The encoder requires a large number of speakers
in the dataset, without the need for transcripts. However, the synthesizer
requires a <text, audio> pair in order to predict the mel-spectrograms.

• The tolerance level for the amount of noise present in the audio also varies
for the Encoder and the Synthesizer. While the Encoder network can gen-
eralize well on noisy audio, the Synthesizer would ideally require cleaner
input speech.
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• The Tacotron synthesizer requires substantial training time before it starts
generating meaningful alignments. Thus, the convergence of the entire
model might be a difficult task to accomplish.

Hence, it would be reasonable to assume that training the models separately
on different datasets would result in better generalization in a zero-shot setting.

The encoder, in contrast to the vocoder and synthesizer, does not have any
labels for training. The only label of interest is the Speaker Id’s for the speech
audios used in a batch. This task can be portrayed as capturing a meaningful
representation for the voice of a speaker obtained from the utterances of the
speaker. Using an autoencoder could be challenging for this task, as the upsam-
pling model would become aware of the textual content of the audio, rather than
just the characteristics relevant to the speaker’s voice.

The GE2E Loss (described in Section 5.3.2) helps solve this task, and train
the Speaker Encoder network separately without any dependence on the Syn-
thesizer. Having the pre-trained Speaker Encoder, the synthesizer can now be
trained to predict the mel-spectrograms directly from the speaker embeddings
and transcripts of the input speech audio, such that the loss function LS is in
the time-frequency domain.

min
wS

LS (xij,S (eij, tij; wS)) (5.2)

The Vocoder can now be trained on the ground-truth spectrograms or on the
predicted spectrogram by the Synthesizer network [35].

min
wv

LV (uij,V (xij; wV)) or min
wv

LV (uij,V (x̂ij; wV)) (5.3)

On noisier datasets, using the spectrograms generated by the synthesizer to
train the vocoder can improve the performance of the model [3].
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5.3 Speaker Encoder

The speaker encoder aims to produce a latent, fixed-dimensional embed-
ding that would then be used to condition the synthesizer network on a reference
speech audio pertaining to the preferred target speaker. To achieve good gen-
eralization across different speakers, the latent embedding needs to capture the
various characteristics of human voice, regardless of its background interference
or phonetic content. A speaker-discriminative model is described in numerous
papers (Heigold et al., 2015; Wan et al., 2017; Jia et al., 2018) [34, 21, 3]. In our
implementation, we train the speaker encoder model on a transcript-independent
speaker verification task as described in the SV2TTS paper.

5.3.1 Model Architecture

The encoder model comprises of a 3-Layer Bidirectional LSTM with 128
hidden nodes followed by a fully connected (Projection Layer) of 64 units. The
final embedding is the L2-normalized output of the last layer. The input au-
dios are broken down into 1.6 second utterances from which 40-channel log-mel
spectrograms with a 10ms step and a 25ms window width are computed and
passed as input to the model. The training dataset only includes the speaker
labels without any need for transcripts. The network then converts the series
of log-mel spectrogram frames into a fixed-dimensional latent embedding vector,
termed as the d-vector [34].

5.3.2 Generalized End-to-End loss

The encoder network is trained on a speaker verification task and aims to
optimize a GE2E loss, such that embeddings of utterances from the same speaker
are closer together in the embedding space, having higher cosine similarity, while
those belonging to different speakers are farther apart with lower cosine similarity.

Speaker verification is an application in biometrics in which the identity of an
individual is validated through their voice. Before verification can be performed,
a speaker needs to enrol his voice from a few short utterances. This allows a
template to be created for an individual by deriving their speaker embedding.
During verification, the user validates himself with a short input utterance from
which the system generates an embedding and compares it with the enrolled
speaker embeddings. The user is granted access to the device if the similarity
crosses a certain predefined threshold. The Generalized End-to-End Loss helps
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in simulating this process and optimizing the model.

The training is carried out in the form of a batch containing N speakers, and
M utterances from each speaker in the corresponding batch, resulting in a total
of N ∗M utterances per batch. The feature vector xij (1 ≤ i ≤ N, 1 ≤ j ≤
M) represents the feature extracted from the jth utterance of the ith speaker.
The feature vectors are passed as input to the Speaker Encoder network whose
architecture is defined in Section 5.3.1. Embeddings eij for M utterances of fixed
duration, corresponding to N speakers are computed, where eij (1 ≤ i ≤ N, 1 ≤
j ≤ M) represents the embedding extracted from the jth utterance of the ith

speaker. We denote the output of the Speaker Encoder network as f(xij; w)
where w represents all of the parameters of the neural network (including the
LSTM layers as well as the linear layer). The embedding vector (d-vector) is
computed as the L2 normalized output from the Speaker Encoder network:

eij =
f (xij; w)

‖f (xij; w)‖2
(5.4)

A centroid embedding for each speaker is derived as:

ci =
1

M

M∑
j=1

eij

.
A similarity matrix Sij,k is generated which is the result of a two by two com-

parison of all embeddings eij against the centroid embeddings for each speaker
within a batch ck(1 ≤ k ≤ N). This is used to compute a scaled cosine similarity:

Sij,k = w · cos (eij, ck) + b = w · eij · ‖ck‖2 + b

where w,b are learned parameters. These parameters are initialized to (10,-5)
as suggested in the original paper. This process is depicted in Figure 5.2 illus-
trating the features, embedding vectors and the similarity matrix obtained from
multiple speakers, portrayed using distinct colors.
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Figure 5.2 An overview of the GE2E loss calculation using a similarity matrix.
Utterances from different speakers are marked with distinct colors. This figure
is extracted from Wan et al., 2017 [21].

Ideally, the embedding from all utterances of the ith speaker should be similar
to the centroid embedding (ci) of that particular speaker, while simultaneously
being dissimilar from the centroids of other speakers. As demonstrated in Figure
x, the similarity values of the colored cells along the diagonal of the similarity
matrix should be large, while those of the remaining gray cells being small.

Additionally, eij needs to be removed while computing the true speaker cen-
troid as this helps avoid trivial solutions and makes the training stable[21]. The
similarity matrix is thus defined as follows:

Sij,k =

{
w · cos

(
eij, c

(−j)
i

)
+ b if i = k

w · cos (eij, ck) + b otherwise
(5.5)

where c
(−j)
i are the exclusive centroids, defined as :

c
(−j)
i =

1

M − 1

M∑
m=1
m 6=j

eim

The final Generalized End-to-End loss LG is thus the sum of all losses over
all the cells of the similarity matrix (1 ≤ i ≤ N, 1 ≤ j ≤M):

LG(x; w) = LG(S) =
∑
i,j

L (eij) (5.6)
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We use N = 64 and M = 12 as parameters for the batch size, resulting in 768
features per batch. As per our experiments, a greater number of speakers per
batch results in better generalization. However, it should be noted that the time
complexity to compute the similarity matrix is O(N2M). Thus, this parameter
should not be too large such that it substantially slows down the training, nor
too small such that it affects the generalizing capability of the model. The ideal
value should be one corresponding to the maximum batch size that fits on the
GPU memory.

During inference, an arbitrary length speech utterance is divided into 1.6 sec-
ond windows with a 50% overlap. The network then operates individually on
each window, and the final utterance embedding is calculated by taking the av-
erage of all outputs. This method is illustrated in Figure 5.3.

Figure 5.3 Sliding window approach used during inference. This figure is
extracted from Wan et al., 2017 [21].
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5.4 Synthesizer

To synthesize mel-spectrograms from text transcripts, we use the Tacotron2
architecture excluding the Wavenet. Tacotron2 is an end-to-end generative TTS
model that accepts a character sequence as input and produces the correspond-
ing spectrogram as output. Since Tacotron2 is frame-based, inference takes far
less time than sample-level autoregressive approaches. Unlike earlier methods,
it does not require the need for hand-crafted linguistic features or components
like an HMM aligner and yet it can achieve high-quality audio nearer to original
human speech[13].

The architecture includes a recurrent sequence-to-sequence encoder-decoder
architecture bridged by an attention mechanism. In order to support multi-
ple speakers, modifications to the architecture are performed following a scheme
similar to Deep Voice 2 [1]. The speaker embedding vector corresponding to
the target speaker, obtained from the Speaker encoder network needs to be in-
tegrated into the Synthesizer network in order to transfer characteristics of the
target voice. This is done by concatenating the embedding vector with the en-
coder output of the synthesizer network at every time-step. It has been observed
that simply passing the concatenated embeddings to the attention layer is suffi-
cient for the model to converge across various speakers.

5.4.1 Intermediate Feature Representation

As an intermediate feature representation, mel-frequency spectrogram, a
low-level acoustic representation is utilized. This representation can be easily
computed from time-domain waveforms and is smoother than waveform repre-
sentations. Since it is phase invariant within each frame, it is easier to train with a
squared error loss. Mel-spectrograms summarize the frequency information with
fewer dimensions. It is computed by employing a non-linear transform to the
short-time Fourier transform (STFT) frequency axis, inspired by the functioning
of the human auditory system. According to research, audio frequencies are not
perceived on a linear scale by humans. Variances in lower frequency ranges are
more easily detected than those at higher frequencies. An auditory frequency
scale like the Mel-scale highlights lower-frequency features, which are vital for
speech intelligibility, while de-emphasizing the details in high-frequencies, that
are mostly dominated by fricatives and other noise bursts and do not require
high-fidelity modeling [16].
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Linear spectrograms are lossy representations that lack phase information.
Mel spectrograms are more compact and discard a lot more information, posing
a difficult inverse problem. However, when linguistic and acoustic features are
considered, the mel spectrogram is a simpler, low-level representation of an audio
signal. As a result, neural vocoders trained on mel-spectrograms should be able
to generate audio with ease.

5.4.2 Model Architecture

The synthesizer architecture consists of an encoder-decoder network con-
nected by attention. The encoder takes the input character sequence and converts
it to a latent feature representation. Instead of solely using the encoder output
for decoding, we concatenate the speaker embedding to every frame of the en-
coder output as done in the SV2TTS paper. This makes the synthesis process
“speaker-aware”, augmenting the generated mel-spectrograms with the desired
voice characteristics.

Figure 5.4 The Tacotron2 architecture conditioned on speaker-embeddings.
The blue and orange blocks represent the encoder and the decoder, respectively.
This figure was modified and adapted from (Shen et al., 2017)[16].
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This concatenated representation is then used by the decoder to predict a
spectrogram. A learned 512-dimensional character embedding is used to repre-
sent input characters, which is then passed through a stack of three convolutional
layers before batch normalization [36] and ReLU activation. Each convolutional
layer has 512 filters, each of which spans 5 characters and has a 5 x 1 shape. The
long-term context (like N-grams) corresponding to the input character sequence
is modelled by the convolutional layers.

Unlike the original Tacotron, Tacotron2 employs simpler blocks for both the
encoder and decoder. A vanilla LSTM and convolutional layers are used instead
of the “CBHG” stacks and GRU layers. To generate the encoded features, the
output of the final convolutional layer is passed into a single bi-directional [37]
LSTM [38] layer with 512 units, i.e., 256 units in each direction.

For each decoder output step, the encoder output is fed into an attention
network, which summarizes the entire encoded sequence as a fixed-length con-
text vector. The location-sensitive attention mechanism [39] adds cumulative
attention weights from previous decoder time steps as an extra feature to the
additive attention mechanism [14]. This urges the model to progress through the
input in a consistent manner, reducing the risks of failure modes in which the
decoder repeats or ignores some sub-sequences. The inputs and location features
are projected to 128-dimensional hidden representations, and subsequently, the
attention probabilities are calculated. A total of 32 1-dimensional convolution
filters are used to compute the location features, each having a length of 31.

The decoder part of the synthesizer, is a recurrent neural network that pre-
dicts a mel-spectrogram one frame at a time from the encoded input sequence,
in an autoregressive manner. A pre-net with two fully connected layers having
256 hidden units with ReLU, is used as an information bottleneck layer for the
prediction generated from the preceding time-step. As mentioned by the authors,
the pre-net layer is necessary for learning attention[16]. The attention context
vector and the pre-net output are concatenated and passed through a stack of
two unidirectional LSTM layers, each having 1024 units. To predict the target
spectrogram frame, the concatenation of the LSTM output and the attention
context vector is projected through a linear transform. Finally, the predicted
mel spectrogram is fed into a convolutional post-net with 5 layers, which deter-
mines a residual to add to the prediction and improve the entire reconstruction.
Each post-net layer is made up of 512 filters with a shape of 5 x 1. All layers
except the final layer are subjected to batch normalization and tanh activations.
To aid convergence, the sum of mean squared errors (MSE) before and after the
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post-net is minimized.

Aside from the spectrogram frame prediction, we must also ensure that the
model knows when to stop the decoding process. To predict whether the out-
put sequence has terminated, the concatenation of decoder LSTM output and
attention context is projected down to a scalar and passed through a sigmoid
activation function. This “stop token” prediction is used during inference to en-
able the model to dynamically decide when to stop, instead of always generating
frames for a fixed amount of time. The generation is deemed to be complete at
the frame for which the predicted value crosses the threshold of 0.5.

Regularization is performed on all the convolutional and LSTM layers of the
network using dropout[32] and zoneout[33] with probabilities of 0.5 and 0.1 re-
spectively. Dropout is applied (with probability 0.5) only to the layers in the
pre-net of the decoder. This is done to create output variation during inference.

Target spectrogram features for the synthesizer are calculated from 50ms win-
dows with a 12.5ms step, then passed through an 80-channel mel-scale filter-bank.
This is followed by a log dynamic range compression. The loss function used is a
L2 loss on the predicted spectrogram without the introduction of any other loss
terms that are based upon the speaker embeddings. The input text transcripts
also pass through a few pre-processing steps before being fed to the model. The
Unicode text is first normalized based on canonical decomposition, removing ac-
cents by filtering out characters which belong to the “Non-spacing Mark” (Mn)
category. Extra white-spaces are removed, while numbers and abbreviations are
substituted by their full textual forms. The text is then padded to a maximum
length using a special character “∼”. A vocabulary is then constructed from
all the lower and uppercase alphabets of the English language along with punc-
tuation marks, white-space, and the stop token. Finally, the text is converted
to a numeric encoding based on the indices of the corresponding characters in
the dictionary. This representation is then ready to be passed as input to the
synthesizer.
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5.5 Vocoder

Most TTS systems consist of two modules: the Synthesizer and the Vocoder.
The first module converts textual information into acoustic features while the
Vocoder generates speech samples from the previously generated acoustic infor-
mation.

For the generation of acoustic parameters of speech, traditional vocoder tech-
niques typically used a source filter model [40, 41, 42]. Voiced/unvoiced seg-
ments, fundamental frequency (F0), band aperiodicities and spectral envelope
were used to define the speech parameters and the Griffin-Lim algorithm used
spectral representation to produce speech [43]. However, errors in parameter
estimation limited the speech quality of such vocoders. Using a direct wave-
form modelling method, the naturalness of vocoders has recently been greatly
improved. WaveNet and other neural vocoders use a generative autoregressive
model to reconstruct waveforms from intermediate acoustic information with
minimum loss in the quality of speech [15].

Tacotron employs the Griffin-Lim algorithm [43] for phase estimation, coupled
with an inverse short-time Fourier transform to vocode the magnitude spectro-
grams. Griffin-Lim generates typical artifacts and inferior audio quality than
systems like WaveNet, therefore it was used in Tacotron as a placeholder to be
substituted by future neural vocoder approaches. WaveNet is used as the vocoder
in Tacotron2 as well as in SV2TTS. Since its inception, WaveNet has been at
the forefront of deep learning tasks in audio synthesis, and it continues to be
the industry standard when it comes to voice naturalness in TTS. However, it
is extremely slow in terms of inference time, as it relies on the generation of
audio samples sequentially, one sample at a time. Numerous subsequent ap-
proaches proposed improvements to bring the generation of audio close to or
faster than real-time, with little or no impact on the quality of the generated
speech [29, 44, 45, 46].

In our implementation, we choose to employ WaveGlow as a vocoder. Wave-
Glow is a flow-based network that converts mel spectrograms to high-quality
speech. WaveGlow, which eliminates the necessity for auto-regression, combines
ideas from Glow[47] and WaveNet[15] to provide fast audio synthesis without
compromising on quality. It contains a single network trained on a single cost
function that aims to maximize the likelihood of the training data, making the
training process simple and robust. Furthermore, the authors also claimed that
a PyTorch implementation of WaveGlow produced samples at a rate of 520 kHz
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for a 10 second speech, which was faster than any other approaches they tested.
Griffin-Lim, for example, synthesized sounds at a rate of 507kHz, while Parallel
WaveNet reported a rate of 500kHz. WaveNet generated speech at 0.11 kHz,
which was much slower than real-time [46].

Other spectrogram inversion techniques like parallel WaveNet and Clarinet
are also capable of synthesizing audios at a rate of more than 500kHz. However,
unlike WaveGlow, these models are more difficult to train and use. To increase
audio quality or solve difficulties with mode collapse, both require compound
loss functions [29, 48]. Furthermore, Parallel WaveNet and Clarinet require two
networks - a student and a teacher network. Inverse Auto-regressive Flows (IAF)
are used in the student networks for both Parallel WaveNet and Clarinet. Due to
the complexity of training these models towards convergence, these approaches
are difficult to implement and deploy. Faster inference speeds combined with
a simple, reproducible model were the primary motivations behind the use of
WaveGlow as the vocoder of choice in our implementation.

5.5.1 Model Architecture

WaveGlow [46] being a generative neural network model, uses samples from
a simple distribution to generate audios. An example of a simple distribution
could be a zero-mean Gaussian distribution having the same number dimension-
ality as that of our intended output. Samples from this simple distribution are
passed through a sequence of layers to transform them into the desired distribu-
tion. In our case, the distribution of the audio samples is modeled by conditioning
them on a mel-spectrogram.

z ∼ N (z; 0, I) (5.7)

x = f 0 ◦ f 1 ◦ . . .fk(z) (5.8)

The model is trained by minimizing the negative log-likelihood of the data.
Since the use of any arbitrary neural network would be intractable for this task,
it is addressed using flow-based networks [47], which ensure an invertible map-
ping for the neural network. Using a change in variables, the likelihood may be
determined directly by restricting each layer to be bijective.
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log pθ(x) = log pθ(z) +
k∑
i=1

log
∣∣det

(
J
(
f−1i (x)

))∣∣ (5.9)

z = f−1k ◦ f
−1
k−1 ◦ . . .f

−1
0 (x) (5.10)

log pθ(z) is the log-likelihood of the spherical Gaussian which imposes a
penalty on the transformed sample’s l2 norm . The second term is formed due
to the change of variables, where J refers to the Jacobian. This term rewards
any layer during the forward pass that increases the volume of the space. It also
prevents a layer from multiplying the x terms by zero in order to optimize the
l2 norm. This sequence of transformations can be referred to as a “normalizing
flow”[49]

Figure 5.5 depicts the WaveGlow model architecture, which is similar to the
Glow approach[47]. Groups of 8 audios are used as vectors for the forward pass
over the network, which is referred to as the “squeeze” operation[47]. These vec-
tors are then processed through a series of “steps of flow”, which constitutes an
invertible 1 x 1 convolution accompanied by an affine coupling layer.
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Affine Coupling Layer

Figure 5.5 Waveglow model architecture. This figure is extracted from
Prenger et al., 2019 [46]

Coupling layers are commonly used in the construction of invertible neu-
ral networks [47, 50]. In the WaveGlow model, an affine coupling layer [50] is
employed. Half the channels are utilized as inputs, which generate additive and
multiplicative terms. The remaining channels are then scaled and translated.

xa,xb = split(x) (5.11)

(log s, t) = WN (xa,mel-spectrogram) (5.12)

xb′ = s� xb + t (5.13)

f−1coupling (x) = concat (xa,xb′) (5.14)
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In this case, it is possible for W N() to be any transformation and it need
not be invertible as the coupling layer already ensures that the entire network
remains invertible. This is due to the fact that the channels passed as inputs
to WN (xa in this case), are transmitted through to the layer’s output unmod-
ified. To invert the network, s and t can be computed from the output xa and
then inverting xb′ to calculate xb by recomputing WN (xa,mel-spectrogram). In
our model, WN() is composed of dilated convolutional layers with gated-tanh
non-linearities along with residual and skip connections. The WN architecture
resembles WaveNet [15] and Parallel WaveNet [29], with the exception that the
convolutions are not causal and have three taps. The mel-spectrogram is also
included in the affine coupling layer to condition the generated result based on
the input. As in WaveNet, the up-sampled mel-spectrograms are inserted before
the gated-tanh non-linearities of every layer.

The s term in an affine coupling layer alters the volume of the mapping. A
change of variables term is also added to the loss term that penalizes the model
for affine mappings that are non-invertible.

log
∣∣det

(
J
(
f−1coupling (x)

))∣∣ = log |s| (5.15)

1× 1 Invertible Convolution

Channels in the same half of the affine coupling layer never directly alter
one another. This would be a major limitation if information was not mixed
across channels. Similar to Glow[47], WaveGlow adds an invertible 1× 1 convo-
lution layer before each of the affine coupling layers, thereby allowing mixing of
information across channels. The weights (W ) for these convolutions are initial-
ized to be orthonormal and thus, invertible. The log-determinant of the Jacobian
(J) of this transformation is added as an extra term to the loss function due to
the change of variables, ensuring that the convolutions remain invertible as the
training advances.

f−1conv = Wx (5.16)

log
∣∣det

(
J
(
f−1conv(x)

))∣∣ = log | detW | (5.17)
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When all the terms resulting from all of the coupling layers are added together,
we obtain the final likelihood as follows:

log pθ(x) =− z(x)Tz(x)

2σ2

+

# coupling∑
j=0

log sj(x, mel-spectrogram )

+

# conv∑
k=0

log det |W k|

(5.18)

The first term originates from the log-likelihood of a spherical Gaussian, σ2

being the estimated variance of the Gaussian distribution, while the rest of the
terms result from the change of variables.

During inference z values are randomly sampled from a Gaussian distribu-
tion and passed through the network. To invert the 1× 1 convolutions, it is only
required to invert the weight matrices. The mel-spectrograms are still included
at all of the coupling layers, but the affine transforms are now inverted. The loss
guarantees that all the inverses exist [46].

xa =
xa′ − t

s
(5.19)



Chapter 6

Resources

6.1 Data

We use the LibriTTS audio corpus as the training data for our Speaker En-
coder (“clean” and “other” set), Synthesizer (“clean” set) as well as the Vocoder
(“clean” set). LibriTTS is inherently a modified version of the LibriSpeech cor-
pus, suited for Text-to-Speech applications.

The audiobooks in the LibriVox project [18] are used to create the LibriSpeech
corpus [17]. This corpus contains 982 hours of speech data from 2,484 speakers.
In terms of gender and speaker time, it is supposed to be fairly balanced. It can
also be used for both non-commercial and commercial uses because it is published
under a non-restrictive license. Despite the fact that this corpus was created for
automatic speech recognition (ASR) study, it has been used in a number of text-
to-speech (TTS) tasks due to its interesting qualities, such as a large volume of
data, non-restrictive license, and a wide range of speakers.

A new corpus called “LibriTTS” was introduced [51] to solve several unde-
sirable aspects of LibriSpeech that make it challenging for TTS applications.
The LibriTTS corpus is based on the LibriSpeech corpus’ source materials (MP3
from LibriVox and texts from Project Gutenberg) and is released under the same
non-restrictive license.

• The audio files have a sampling rate of 24kHz and any audio with a sampling
rate less than 24kHz is removed.

• Using Google’s proprietary sentence splitting engine, book-level texts are
split into sentences and then the audio is split at the corresponding sentence
boundaries.

• A normalized version of the original text transcripts, normalized using
Google’s text normalization engine, are included in the corpus.

45
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6.2 Tools

• Neural Network Libraries (NNabla):

Nnabla by Sony, is an open-source library for machine learning tasks. The
NNabla Library can utilize both static and dynamic graph paradigms. The
usage of a dynamic computation graph allows for the creation of a flexi-
ble runtime network. It also supports multi-gpu execution for distributed
learning. All of the models in this project have been developed and trained
using NNabla.

• Librosa:

Librosa is a Python package that can be used to analyze audio and music.
It contains the fundamental components required to construct information
retrieval systems for music. All of the audio pre-processing and spectrogram
generation tasks used in this project have been performed using librosa.

• Audacity:

Audacity is a free and open-source digital audio recording and editing pro-
gram compatible with most operating systems. We utilized Audacity to
collect and extract audio samples of popular personalities from YouTube
videos along with some of the spectrogram visualizations of synthesized
audios.

• React and Firebase:

React is a free, open-source front-end JavaScript library for building User
Interface components for web applications, whereas Firebase provides a
real-time cloud-hosted database service. We used React and Firebase
Database to design the MOS evaluation platform (Figure 7.9) and store
the results, respectively.
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Experiments and Results

7.1 Speaker Encoder

The authors of the SV2TTS paper integrated numerous noisy datasets to
create a huge corpus of speech with quality comparable to what would be ex-
pected in a real-world context. LibriSpeech [52], VoxCeleb1 [53], VoxCeleb2 [54],
and an internal dataset have been used in the training. LibriSpeech is a collec-
tion of audiobooks totaling 1000 hours of audio from 2400 speakers, divided into
two sets, namely “clean” and “other.” The clean set reportedly contains cleaner
speech than the other set, despite the fact that some parts of the clean set still
contain a lot of noise [51]. VoxCeleb1 and VoxCeleb2 contain audio clips derived
from celebrity YouTube videos, mostly in an interview context. VoxCeleb1 has
approximately 1.2k speakers, whereas VoxCeleb2 has approximately 6k. Since
non-English speakers are present in both of these datasets, we did not consider
them for training the encoder. Without further experimentation, it is difficult
to ascertain whether having non-English speakers impacts the encoder training
process. The authors also make no mention of any specifics in this regard.

To train the Speaker Encoder network, we combine speakers from the Lib-
riTTS “clean” and “other” sets. Speakers with fewer than 20 minutes of total
audio are removed. Audio samples that are less than 1.6 seconds in length are
also rejected, as our model requires a minimum of 1.6 seconds to generate a
speaker embedding. All audio samples greater than 1.6s are clipped into equal
sized distinct utterances upto the maximum multiple of 1.6. It is also ensured
that all the speakers have the same number of utterances by removing extra
samples. We now arrange the dataset into batch sizes having ‘N’ speakers per
batch, each having ‘M’ utterances of 1.6 seconds. This arrangement needs to be
followed to facilitate the construction of the similarity matrix from which the
GE2E loss is computed.

47



Chapter 7. Experiments and Results 48

We choose N=64, and M=12 resulting in a batch size = N ∗M = 768. It
should also be noted that the total number of speakers in the dataset must be
an integral multiple of the number of speakers used in a batch (N). Similarly, the
total utterances per speaker must also be an integral multiple of the number of
utterances per speaker (M) in a batch.

7.1.1 Speaker Embedding space

In our implementation of the Speaker Encoder, we use 1536 speakers for
training. An embedding dimensionality of 64 is used to encode the speaker char-
acteristics. Any higher dimensionality leads to overfitting and a poor capacity to
cluster unseen speakers. To verify the functionality of the speaker encoder, we
selected a set of 5 utterances from 8 notable personalities from YouTube videos
and passed it on to the network.

Figure 7.1 UMAP projection of the utterances of various speakers demonstrat-
ing the formation of tight clusters. Utterances from the same speaker appear as
dots of the same color.
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The Speaker Encoder generates a 64-dimensional vector for each utterance,
which we project down to a 2-D space for visualization using a UMAP projec-
tion. UMAP, like t-SNE, is a dimension reduction technique that can be used
to visualize high-dimensional data [55]. As seen in Figure 7.1, the utterances
for a particular speaker form tight clusters within themselves, while being well
separated from other speakers with different voice characteristics. The overlaps
between the two male speakers ‘m attenborough’ and ‘m morganfreeman’ could
be attributed to the speakers having similar vocal qualities (both have deep
voices) or to the encoder not learning the characteristics of a diverse enough set
of human voices. This could be addressed by including many more speakers in
the dataset and simultaneously increasing the embedding dimensionality to cap-
ture all the essential features in a human voice.

If we were to be convinced that the Speaker Encoder actually learns a good
representation of voices, then it should also capture the differences between male
and female voices without being explicitly trained to do so. It should be em-
phasized that the speaker encoder is only trained on utterances and speaker IDs
within a batch, with no additional information regarding gender.

Figure 7.2 Gender-based embeddings demonstrating distinct cluster forma-
tions. Red points denote Female speakers, while black represents Males.
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However, as can be observed in Figure 7.2, the UMAP projection for the
embeddings of the utterances from 500 Male (in black) and 500 Female (in red)
speakers obtained from the LibriTTS Clean set, form two separate clusters based
on the gender of the speakers. A few utterances appearing in the wrong cluster
could be attributed to the high intra-utterance variations within the LibriTTS
dataset, where the speakers often mimic the voices of other characters or add
dramatic effects to speech[3].

We train the speaker encoder network for 800 epochs. Training on a single
Nvidia GeForce 2080 Ti GPU requires approximately 8 hours to complete. To
monitor the progress of the training process, we evaluate how well the model
can cluster utterances from the same speakers, while simultaneously isolating
them from the utterances of different speakers. We sample 12 speakers with 12
utterances from a validation set after every 20 epochs, compute the utterance
embeddings, and then project them in 2-D space using UMAP.

We utilize the Silhouette Score to measure the quality of the generated clus-
ters and accordingly guide the training process. The Silhouette score has a value
ranging from -1 to 1. If the score is 1, a cluster is dense and well-separated from
the other clusters. A number close to 0 denotes overlapping clusters with sam-
ples that are very close to the decision boundaries of adjoining clusters, while a
negative score implies that the samples were assigned to the incorrect clusters.

The Silhouette score is computed for each sample from each cluster. Utter-
ances having the same ‘speaker id’ are considered to be part of the same cluster.
We use early stopping to end the training when the Silhouette score exceeds 0.9
on the validation data. Since embeddings from different speakers are expected
to be more apart in the latent space than embeddings from the same speakers,
cluster formations of utterances from the same speaker are likely to appear as
the training advances. This trend can be observed in Figure 7.3, which depicts
the UMAP projections and the cluster formations over epochs.



Chapter 7. Experiments and Results 51

Figure 7.3 Tight clusters form with improved Silhouette scores as the training
proceeds over epochs.

The cluster formations evaluated in terms of the Silhouette score are shown
in Figure 7.4. As the training progresses, we notice that the scores for both the
Training and Validation sets improve.
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Figure 7.4 A graph demonstrating the increase of Silhouette Scores for Train-
ing and Validation dataset as the training proceeds over epochs.

7.1.2 Impact on the number of Speakers

According to the authors of SV2TTS, the ability of the speaker encoder to gener-
alize across a wide variety of speakers likely depends on its ability to learn a good
representation of a speaker. This implies that if the training dataset contains a
large number of speakers, the generalization potential will be higher. Therefore,
they explored the effect of the speaker encoder training set on synthesis quality
by making use of other additional training sets and measuring the corresponding
similarity and naturalness scores.
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SE Training Set Speakers Embedding Dim Naturalness Similarity SV-EER

LS-Clean 1.2K 64 3.73± 0.06 2.23± 0.08 16.60%

LS-Other 1.2K 64 3.60± 0.06 2.27± 0.09 15.32%

LS-Other + VC 2.4K 256 3.83± 0.06 2.43± 0.09 11.95%

LS-Other + VC + VC2 8.4K 256 3.82± 0.06 2.54± 0.09 10.14%

Internal 18K 256 4.12± 0.05 3.03± 0.09 5.08%

Table 7.1 Impact of Speaker diversity on the quality of Voice cloning. The
results are obtained from Jia et al., 2018 [3].

As observed from the results in Table 7.1, naturalness and similarity improve
significantly as the number of training speakers increases. Along with the sub-
jective evaluations, the objective EER results also improve. The implications of
these findings for multi-speaker TTS training are significant. Since no transcripts
are required, the data requirement for the speaker encoder is much lower than for
TTS training, which requires high quality, transcribed data. The audio quality in
case of the speaker encoder training can also be lower than that needed for TTS
training. This demonstrates that natural sounding voice cloning can be obtained
by combining a speaker encoder network with a TTS network, even when the
networks have different input data requirements.

In our implementation, we have combined the LibriTTS Clean and Other sets
to create a dataset of 1536 speakers after filtering out speakers with less than 20
minutes of audio duration, as well as removing audio clips with a duration lesser
than the required threshold of 1.6 seconds. We were unable to produce a dataset
as large as the one used in the original approach since we did not have access to
the internal dataset utilized by the authors of SV2TTS. However, we noted the
generalization capability to increase on multiple speakers when we increased the
number of speakers from 896 (purely from the Clean set) to 1536 (combination of
Clean and Other sets), although no subjective evaluation was performed between
the two.
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7.2 Synthesizer

In the SV2TTS paper, the authors re-segmented the audio into shorter ut-
terances by employing an ASR model to force align the audio to the transcript
and breaking segments on silence. In our implementation, force-alignment and si-
lence removal was redundant as we have trained the Synthesizer on the LibriTTS
dataset where the audio and their text transcripts were automatically aligned,
segmented into utterances and filtered to remove noise. LibriTTS also includes
punctuation marks, that greatly help in learning prosody [51].

The SV2TTS approach uses phonemes sequences as input unlike the original
Tacotron model that used graphemes. The authors claimed that it allowed for
faster convergence and eliminated potential pronunciation errors caused by the
model’s failure to learn how to pronounce certain rare words. Our implementa-
tion of the modified synthesizer was trained directly on character embeddings.
eliminating the need for an extra grapheme to phoneme conversion step. This is
primarily motivated based on the deductions by Perquin et al., 2020, demonstrat-
ing that a Tacotron model trained directly on characters rather than phonemes
performs similarly to a system trained on phonemes in a well-curated French
dataset. This type of system embeds characters in such a way that phoneme
information is encoded. As a result, Tacotron’s embedded character represen-
tations could be used for a variety of purposes, including grapheme-to-phoneme
conversion and control of synthesized pronunciation [56].

Our implementation of the modified Synthesizer (concatenated with the Speaker
Embeddings) generates a smooth and clean alignment, that almost forms a di-
agonal line. To better understand what it signifies, we must note that brighter
colors in the graph indicate that the decoder focuses its attention on the associ-
ated input character at that particular decoding time-step.

In a nutshell, the encoder checks each input character individually and gener-
ates status vectors. The decoder then evaluates all status vectors and generates
spectrogram frames sequentially. Simply expressed, good alignment requires the
decoder to output the spectrogram frame corresponding to “X” as a result of
focusing on the vector created by the encoder when reading the character “X”.
The diagonal line occurs when frames are generated by focusing attention to the
correct input characters in order.
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Figure 7.5 Alignment Graph observed during the training of the synthesizer

Speaker embeddings are used to condition the synthesizer during training in
SV2TTS. However, we use the utterance embeddings of the same target utterance
for both training and inference. This is a more natural choice as single utterances
have lower intra-variation, as their scope is limited to a single sentence at most
[35]. The authors acknowledge that there are frequently large variations in tone
and pitch within the utterances of a single speaker in the dataset, as they imitate
different characters in the books (Jia et al., 2018, Appendix B). Because of this,
it is expected that embedding utterances will give us a more accurate representa-
tion of speaker voices than speaker embeddings will. Utterance embeddings are
also used during inference since only a single reference speech signal is provided
for voice cloning and a speaker (centroid) embedding would not be possible to
compute.
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Figure 7.6 A sample mel-spectrogram generated by the synthesizer

A meaningful embedding is only possible if the utterance is sufficiently long.
The optimal duration of reference speech was found to be 5 seconds, as evident
from the experiments conducted by the authors (Table 7.2).

1 sec 2 sec 3 sec 5 sec 10 sec
Naturalness (MOS) 4.28± 0.05 4.26± 0.05 4.18± 0.06 4.20± 0.06 4.16± 0.06

Similarity (MOS) 2.85± 0.07 3.17± 0.07 3.31± 0.07 3.28± 0.07 3.18± 0.07

SV-EER 17.28% 11.30% 10.80% 10.46% 11.50%

Table 7.2 Impact of reference speech duration on the quality of Voice cloning.
The results are obtained from Jia et al.,2018 [3].

The network was trained on 4 Nvidia GeForce 2080 Ti GPUs for 1500 epochs
with a batch size of 32. The training requires approximately 9 days to complete.
The replication factor is set to 3 (number of decoder outputs per step). We
observed that with smaller output per decoder step, the model either performed
poorly or failed to converge. The L2 loss between the predicted and ground truth
mel-spectrograms is used as the loss function. The model is trained in Ground
Truth Aligned (GTA) mode (teacher-forcing), where the pre-net is provided with
the previous frame of the ground truth spectrogram rather than the predicted
one. As the prosody and pitch of the generated spectrogram are aligned with
the ground truth, a shared context between the prediction and the ground truth
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can be established, allowing for faster convergence.

(a) Speaker 1 (Female)

(b) Speaker 2 (Male)

Figure 7.7 Mel-Spectrograms of audios synthesized on two different target
speakers (a) Female (b) Male. The red lines are manually added to demonstrate
the alignment between the spectrogram and the text transcript. Differences in
the speaking rate and the fundamental frequency between the two speakers can
be observed.

Despite being modified with speaker embeddings, our implementation of the
synthesizer retains the fundamental features of Tacotron. The synthesizer re-
produces prosodic qualities such as punctuation sensitivity, stress on specific
syllables based on word context, and pronunciation of out-of-vocabulary terms.
Figure 7.7 shows the mel-spectrograms generated for the speech synthesized on
the embeddings of a male and a female speaker on the same phonetic content,
demonstrating clear differences between the speaking rate and the fundamental
frequency. This indicates that the synthesizer is capable of modeling speaker
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characteristics based on the speaker embeddings it is conditioned on.

7.3 Vocoder

Our WaveGlow implementation consists of 12 coupling layers along with
12 invertible 1x1 convolutions. The coupling layer networks WN , as explained
in Section 5.5.1, each includes 8 dilated convolution layers, 512 channels utilized
as residual connections, and 256 channels for skip connections. After every four
coupling layers, we output two of the channels. The network was trained on 4
Nvidia GeForce 2080 Ti GPUs for 1500 epochs with a batch size of 8 and a learn-
ing rate of 1× 10−4, using randomly picked clips of 8000 samples. The training
requires approximately 12 days to complete.

The model was trained on two different datasets, one being a single-speaker
LJSpeech [57] and the other being the LibriTTS clean dataset, to perform a com-
parative analysis between the two. This was also essential to identify the reason
behind the poor quality of the synthesized audio on certain speakers in the test
dataset. Our final implementation of the vocoder is trained on the LibriTTS
Clean set so as to support multiple speakers.

To compare the difference in generated audios, we observed the mel-spectrograms
resulting from the single-speaker and multi-speaker vocoders. We take a sample
audio from the test set and generate the corresponding mel-spectrogram. This
is then passed through both the vocoders to reconstruct the original audio. The
single-speaker Vocoder was less noisy with the lower frequency bands not being
represented well. It also failed to generalize to a diverse set of speakers, espe-
cially for male voices. This behavior is expected as the LJSpeech consists of
audios recorded from a single female speaker. In the case of the multi-speaker
Vocoder, the issue of generalization is somewhat resolved, although some mid-
range frequencies are not prominent and it introduces noise at the fricative sounds
(/s/, /z/, /v/). We also analyzed the mel-spectrogram for the synthesized audio
on the same transcript corresponding to the embedding from the same speaker.
As demonstrated in Figure 7.8, the formants beyond the third are not distinct
and are smoothed out. The fricative sounds also appear to be elongated when
compared to the mel-spectrogram from the original audio.
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(a) Original audio

(b) Single-speaker vocoder

(c) Multi-speaker vocoder

(d) Synthesized audio

Figure 7.8 Mel spectrograms corresponding to the (a) Original audio (b) Re-
construction of the original audio by a single-speaker vocoder (c) Reconstruction
of the original audio by a multi-speaker vocoder (d) Audio synthesized on the
speaker embedding of the same speaker using the same transcript

7.4 Results and Analysis

To evaluate the performance of our model, we use the Mean Opinion Score
(MOS) as indicated in the original paper. Although the SV2TTS study used
crowd-sourced evaluation for different experiments, organizing such an evalua-
tion method was beyond our means. Instead, we created a web platform using
ReactJS and Firebase as a cloud-hosted database to store the ratings in order to
conduct the evaluation. The user is instructed to assess the Naturalness and Sim-
ilarity of a synthesized audio corresponding to a reference speech by a specific
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speaker. The term “Naturalness” refers to how natural the synthesized audio
sounds in comparison to human speech, whereas “Similarity” refers to how simi-
lar the voice of the cloned sample is to the speaker from the reference speech. The
scale ranges from 1 (Least Similar/Natural) to 5 (Extremely Similar/Natural) in
increments of 0.5. We use audio samples from 10 speakers in the evaluation, 5
of which are seen during training, whereas the remaining are unseen, mostly col-
lected from YouTube videos of popular personalities. The result obtained from 20
participants has been provided in Table 7.3. The confidence interval is wider in
our result owing to the lesser number of participants in the evaluation compared
to that in the SV2TTS study.

Figure 7.9 MOS Evaluation platform

We compare our results with the first two rows of Table 7.3 as it has a similar
number of speakers with the same embedding dimensionality (64) as used in
our implementation. This is justified as the model performance is impacted by
the number of speakers used, as highlighted in Section 7.1.2. As can be seen
from Table 7.3, our model achieves a better Similarity score than the original
approach, although the Naturalness is significantly lower. There could be several
reasons for this :

• Our implementation of the Speaker Encoder included 1.5K speakers from
both the LibriTTS Clean and Other sets. Most audios from the LibriTTS-
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Other set contains significant background noise. While the noisy data can
help generalize and improve the cloning capability, it can adversely impact
the naturalness of the synthesized audio. This pattern is evident from the
scores of SV2TTS represented in the first two rows of Table 7.3. Switching
from the Clean to Other set resulted in an increase of the mean Similarity
by 0.04 whereas the mean Naturalness decreased by 0.13.

• The Synthesizer was trained on the LibriTTS Clean set, which is also not
entirely devoid of noise [43]. There are significant differences in the tone
and style of LibriSpeech utterances, even when the speaker is the same.
There are some instances in which the speaker attempts to imitate another
person’s voice of a different gender. This is highlighted in Appendix B of the
SV2TTS paper which demonstrates how some speakers have considerably
lower naturalness scores as a result of the noise level in the recordings.
Experiments on the VCTK dataset revealed that it is more consistent both
in terms of similarity and naturalness.

• Our implementation of the WaveGlow vocoder was trained on the LibriTTS
dataset using the ground truth mel-spectrograms of the audios. However,
the authors mention that this approach of training the Vocoder on the
ground truth mel-spectrograms worked well in case of the VCTK dataset,
which has relatively cleaner audio. Since LibriSpeech is noisier, using the
spectrograms generated by the synthesizer for training the vocoder would
have been beneficial.

Method SE Training Set Speakers Embedding Dim Naturalness Similarity
SV2TTS LS-Clean 1.2K 64 3.73± 0.06 2.23± 0.08
SV2TTS LS-Other 1.2K 64 3.60± 0.06 2.27± 0.09
SV2TTS LS-Other + VC 2.4K 256 3.83± 0.06 2.43± 0.09
SV2TTS LS-Other + VC + VC2 8.4K 256 3.82± 0.06 2.54± 0.09
SV2TTS Internal 18K 256 4.12± 0.05 3.03± 0.09

Proposed Method LibriTTS-Clean + Other 1.5K 64 2.60± 0.15 2.84± 0.15

Table 7.3 MOS Evaluation Result

Despite identifying the likely explanations for the result, we were unable to
test the above-mentioned improvement possibilities due to the time limits im-
posed by the extensive training period required for both the vocoder and the
synthesizer. However, future work in this direction might significantly improve
the naturalness of the synthesized audios and the cloning capability of the model.



Chapter 8

Conclusion and Future Work

This thesis investigates several deep learning techniques for voice cloning.
The primary focus is to achieve voice cloning in a Zero-shot setting with a short
reference speech signal of the target speaker. We build upon the SV2TTS model
[3] and apply certain modifications to the baseline architecture. This approach
follows a transfer learning strategy from speaker verification to multi-speaker
text-to-speech synthesis.

8.1 Discussion

The proposed approach exhibits significant voice cloning capabilities, as
evident from the MOS results, with the mean similarity score exceeding that of
the original method. As described in Section 7.1, this has been possible due to
the speaker encoder network, which has demonstrated the ability to capture the
characteristics of a diverse set of voices fairly well. The mean naturalness score,
on the other hand, is lower than the original method, indicating that there is
room for improvement. The low naturalness could be attributed to the presence
of background noise in some of the synthesized voices.

From our experiments, we identified that some of the noise (mostly at frica-
tives) and artefacts originates from the multi-speaker vocoder. Small errors in
the generated spectrogram also result in artificial, metallic noise in the cloned au-
dio, as also encountered in VoiceLoop [58]. A proper spectrogram synthesis relies
heavily on the selection of a clean dataset. In our implementation, the synthesizer
learns to reproduce noise from the LibriTTS-clean dataset which contains low-
moderate background noise, in spite of being labeled as “clean”. Generalization
across unseen voices is dependent on the amount of speakers (Table 7.1) used
to train the speaker encoder and is not affected by the vocoder or the synthesizer.
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8.2 Future Work

Given the shortcomings highlighted in the existing implementation of the
model, a reasonable extension of this study would be to apply the necessary
changes and re-evaluate the performance for potential improvement. A clean,
multi-speaker dataset is of primary importance to train the synthesizer and
vocoder networks. As for the speaker encoder, a large dataset with diverse speak-
ers is required to capture all the intricacies of the human voice, so as to allow for
better generalization for unseen speakers. Training a gender-dependent model
can also improve the similarity for unseen speakers [59].

Another improvement could be in terms of inference speed. While we have
replaced the WaveNet for WaveGlow as the vocoder to improve the audio gen-
eration speed, the autoregressive nature of the synthesizer prevents the model
from attaining real-time inference speeds. Replacing the synthesizer with non-
autoregressive models like FastSpeech [60] or FastSpeech2 [61] could help generate
synthesized voices for real-time applications.

While our approach of using a speaker-embedding approach for voice cloning
can produce promising results in terms of retaining speaker-specific characteris-
tics in the cloned speech, it does not allow control over certain aspects of speech.
Some of these aspects that are not fully captured by the speaker-specific em-
bedding or contained in the text-transcript include speaking rate, intonation,
emotion, and emphasis. Recent techniques, such as the Mellotron [62], have
been able to achieve expressive voice synthesis by extending the concept of style
representations by conditioning the TTS model with rhythm, pitch, and style to-
kens. Combining these approaches into a unified end-to-end system can achieve
expressive voice cloning for real-time applications.

Although voice cloning can be a valuable tool in today’s voice-driven digi-
tal ecosystem, it can also be exploited for identity theft and other malevolent
objectives. Apart from the improvement of existing methods in voice cloning,
any future work must also take into consideration ways to distinguish synthetic
speech from real speech to allow fair use of this technology.
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