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Submitted to the Institute for Graduate Studies in

Science and Engineering in partial fulfillment of

the requirements for the degree of

Master of Science

Graduate Program in Computer Engineering
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at Özyeğin University’s dormitory, he introduced me to several research scientists in

USA or more briefly, he provided me with an extensive support in every possible way.

He is a remarkably versatile and smart person with great cognitive skills and I think

that is why I have had no problem whatsoever explaining and discussing problems with

him. He has also his unique vision that is way beyond the academy which has been as

important and inspiring to me as this study itself.

I thank my dear parents and sisters that have always been appreciative of the

importance of education and always helped me both financially and psychologically.



iv
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Çakmak.



v

ABSTRACT

SPEAKER ADAPTED SPEECH SYNTHESIS WITH DEEP

NEURAL NETWORKS

Text-to-speech (TTS) systems have been an assisting technology since the 1970s.

Although commercial use has begun decades ago, synthetic speech quality is still not

as good as recorded speech. One particular subject of this field focused by this study

is the speaker adaptation in TTS systems. Speaker adaptation is the task of modifying

a given TTS model such that the modified model synthesizes speech samples with the

voice characteristic of a desired speaker. In this study, deep neural network (DNN)

based novel speaker adaptation techniques incorporating transfer learning methods are

presented. We replaced the high dimensional speaker embeddings with few dimensional

vectors using clustering methods. Objective results indicate significant improvement to

the adaptation performance compared to baseline techniques in addition to a significant

drop in the number of parameters. The second aspect of this study is the speaker

adaptation performed on DNN-based postfiltering methods. The subjective results

show that the adaptation of postfiltering increases the similarity of synthetic speech to

the desired speaker’s voice although no significant improvement in quality is observed.

The techniques proposed in this study are independent of the choice of the DNN

architecture and speaker embedding, thus, can be extended and used for experiments

of relevant fields such as speech recognition in the future.
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ÖZET

DERİN YAPAY SİNİR AĞLARI KULLANAN KONUŞMA

SENTEZİ SİSTEMLERİNDE KONUŞMACIYA

UYARLAMA

Metinden-konuşma (TTS) sistemleri, 1970’lerden beri yardımcı bir teknoloji

olmuştur. Ticari kullanım on yıllar önce başlamış olmasına rağmen, sentetik konuşma

kalitesi hala kayıtlı konuşma kadar iyi değildir. Bu çalışmanın odaklandığı konular-

dan biri, TTS sistemlerinde konuşmacı uyarlamasıdır. Konuşmacı uyarlaması, belirli

bir TTS modelini, sesi arzu edilen bir konuşmacının ses karakteristiği ile sentezleye-

cek şekilde değiştirmektir. Bu çalışmada, transfer öğrenme yöntemlerini içeren derin

sinir ağı (DNN) tabanlı yeni konuşmacı uyarlama teknikleri sunulmuştur. Kümelenme

yöntemlerini kullanarak çok boyutlu konuşmacı temsil vektörlerini birkaç boyutlu vek-

törlerle değiştirdik. Nesnel sonuçlar, parametrelerin sayısında önemli bir düşüşe ek

olarak, başlangıç performansına göre uyarlamada belirgin iyileşme olduğunu göstermek-

tedir. Bu çalışmanın ikinci yönü, DNN tabanlı post filtreleme yöntemleri üzerinde

gerçekleştirilen konuşmacı uyarlamasıdır. Öznel sonuçlar, postfiltre uyarlanmasının,

sentetik konuşmanın istenen konuşmacının sesine benzerliğini arttırdığını, ancak kalite-

de önemli bir iyileşmenin gözlenmediğini göstermektedir. Bu çalışmada önerilen teknik-

ler, DNN mimarisinin ve konuşmacı temsil vektörlerinin seçiminden bağımsızdır, bu

nedenle, ileride konuşma tanıma gibi ilgili alanların deneyleri için genişletilebilir ve

kullanılabilir.
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1. INTRODUCTION

1.1. What Are Text-To-Speech Systems

A Text-To-Speech (TTS) system reads any text as input, recognizes the words

in the text and predicts the appropriate pronunciations of the words and the prosodic

features according to a predetermined set of linguistic rules [1] in order to eventually

generate an utterance corresponding to the text [2]. The model used for relation

between linguistic features and phonetic information to prosodic and acoustic features

is crucial for high quality sound output and building the components of the system is

only possible by a proper integration of methods from different fields. On one end of

a TTS system, a given text needs to be analyzed and the correct pronunciations of

units in the text should be determined. This part of the system is called front-end and

these front-end processes are handled by the methods of Natural Language Processing

(NLP) and Linguistics. In addition to that, the system must also include Digital Speech

Processing (DSP) techniques that are utilized for processing speech data. Finally, the

methods that model the relation between text and speech must be built. In this work,

these methods are composed of Deep Learning (DL) techniques or more specifically

Deep Neural Networks (DNN).

The most important aspect of a TTS system to focus is the synthetic speech’s

quality. In the context of speech processing, a speech’s quality is defined by its natu-

ralness and intelligibility. In other words, the generated voice must be clear and sound

human-like. According to Taylor (2009), there is a strong correlation between user sat-

isfaction and naturalness of speech [3]. Robotic speech is frowned upon and considered

annoying as shown by user experience [3].

1.2. A Short History of Synthetic Speech

The idea of producing sounds to finally synthesizing speech arose in a letter

written by Leonhard Euler in 1773, questioning how the human speech is created by
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vocal organs. Thereafter, a prize for this challenge was declared in St. Petersburg

which was claimed by a German physicist Christian Gottlieb Kratzenstein, who was

also a doctor and an engineer, explaining the emergence of vowels in a vocal tract [4].

A more complex ”speaking machine” was built by a Hungarian inventor Wolfgang von

Kempelen whose work paved the way for a better theory of speech articulation [5]. Von

Kempelen was mainly famous for his fake chess-playing machine that includes an actual

man hidden inside, which was later exposed. His fake invention discredited his other

works causing his ”speaking machine” to stay underappreciated. Kempelen’s machine

was later improved in 19th century by a British scientist Charles Wheatstone [5].

An electronic analogue of speech synthesizer modeling vocal organs was first

proposed by an American astrophysicist John Quincy Stewart in 1922 [6]. The first

synthetic speaker, named Voice Operating Demonstrator (VODER), was presented in

1939 at New York’s World Fair by Dudley et al. (1939) [7]. The first TTS system

was introduced in Japan by [8], [9]. Although it was invented by the Japanese, the

system was designed for the English language and the generated speech was fairly

intelligible but poor in naturalness [5]. The earliest reading machine for the visually

impaired, named The Kurzweil Reading Machine, was introduced in 1976, by Raymond

Kurzweil [10].

1.3. Challenges

Text form of natural languages are in general composed of symbols or letters.

Correct forms and pronunciations of words and phrases are determined based on pref-

erences, thus, cannot be boiled down to simple or consistent patterns. The correct

pronunciation of letters and syllables may vary depending on their position in a word,

accent of speaker, syntactic and semantic characteristics of the word etc. There can

also be more than one correct pronunciations of a word. For example, ”7:15pm” can

be read as ”seven fifteen PM”, ”quarter past seven PM”, ”quarter past nineteen”,

”fifteen past nineteen” and so on. All of these are correct choices but expectations of

users must be taken into consideration [3]. An announcement system such as those in

stations must be precise and explicitly state whether it is AM or PM.
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One other challenge is the disambiguation of homographic (i.e. words that are

spelled the same but pronounced differently) words, namely, ”bow”, ”project”, ”record”

etc. The disambiguation process may require part of speech tagging as well as the

correct sense of the word. Even so, there might be derivative words such as ”gif” whose

pronunciation has been subject to a famous controversy of internet over whether ”g”

at the beginning should be read as ”g” as in ”giraffe” or ”g” as in ”graphics”.

Intelligibility is not the major problem of TTS systems since 1970s. Most TTS

systems generate widely intelligible voices by keeping the variance low in the output [3].

However, contemporary system’s main concern is the naturalness with no compromise

on the intelligibility.

A relatively less crucial concern regarding the quality of the output is the proper

use of intonation and rhythm (i.e. prosody) associated with the given text. Nonethe-

less, it is not an easy task considering that these are hardly encoded in text.

1.4. Synthesis Techniques

There are mainly two TTS approaches: concatenative and statistical approach.

There are pros and cons to both sides. Concatenative methods produce natural-

sounding speech and can handle smoothing joins between speech units whereas sta-

tistical approaches are less resource-consuming, cover a broader range of speech char-

acteristics and are able to adapt a base model to an arbitrary speaker.

A widely common concatenative technique is unit selection which is still one

of the most dominant speech synthesis method [11] in practice. Unit selection is the

concatenation of waveform units from large and single-speaker databases [12]. Since the

units go through very little or no modification during synthesis, this method generates

the most natural-sounding speech. On the other hand, it heavily relies on the database

coverage leading to high resource consumption as well as space requirement which is

called the footprint in the context of TTS. Moreover, the generated speech is limited

to the combination of speech units in the database and cannot include a new unit.
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While the best examples of unit selection are better than the best examples of sta-

tistical parametric synthesis [11], HMM-based synthesis was able to provide intelligible

speech [13], [14] in the corpus-based speech synthesis challenge of Blizzard.

Acoustic units represent linguistic features and are used to construct voices in

concatenative speech synthesis. However, a large amount of acoustic units is hard to

collect and store. As a consequence, new methods that can generate speech by using a

smaller database and without compromising the quality of the speech were searched.

HMM-based speech synthesis became one of the main subjects and is commonly used

in both academic and commercial applications. In the 2012 Interspeech conference,

which is one of the biggest international conferences on speech information processing,

around 76% of papers were focused on statistical speech synthesis approaches [15]. Un-

like the conventional concatenative approach, HMM-based speech synthesis models the

spectrum, pitch and state duration of speech simultaneously in a unified framework [16]

and provides a large range of variance in the output voice characteristic. HMM pro-

duces speech parameters which are then converted to an actual sound by a parametric

vocoder. A vocoder (voice encoder) is a crucial component of a TTS system. It is

used to extract a feature representation from which the original speech can be recon-

structed. The quality of the vocoder is one of the constraining factors to the quality

of the speech and it may even be the bottleneck of the system. However, there are

promising vocoders that can parametrize and reconstruct speech without significant

deterioration such as STRAIGHT [17].

The major drawback of a Statistical Parametric Speech Synthesis (SPSS) system

is the quality of the speech. Aside from vocoding and oversmoothing, accuracy of the

acoustic model, which handles the complex mapping between the linguistic and acoustic

features, is the culprit of this drawback [11]. In HMM-based speech synthesis systems,

as its name implies, the hidden Markov techniques are utilized for the acoustic model

which has been recently replaced by neural networks. Even though neural networks

have been known and used since the 90’s, [18] modern applications of neural networks

can have more hidden layers and can be trained on more data with the help of hardware

improvements and algorithms, which led to more complex and sophisticated network
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structures to be effectively implemented (e.g. computation on graphic processors [19]).

In the study of Zen et al. (2013), it is aimed to address the HMM’s incapability in

modeling context dependencies and it is shown that the DNN approach as an acoustic

model outperformed the HMM-based approach when the number of parameters are

similar [20]. Ling et al. (2013) attempted to alleviate the over-smoothing problem of

HMMs with deep belief networks (DBN) as a replacement for Gaussian distribution

in representing the low-level spectral envelopes and improved the quality of the syn-

thesized speech [21]. The spectrum and F0 features are modeled simultaneously with

DBN in the work of Kang et al. (2013) and it is demonstrated that there is a decrease

in distortion for the spectrum generated from DBN [22]. In the study of Fernandez et

al. (2013), a hybrid model integrating parametric and non-parametric approach was

used where a neural network structure was employed for feature extraction from input

in order to be used as an input to a non-parametric model [23]. Lu et al. (2013)

applied DNN as a model between continuous vector-space representations of linguistic

context and probability distributions over acoustic features despite the fact that in this

case, it didn’t outperform HMM systems [24]. In the work of Qian et al. (2014), a

DNN is utilized for converting text features to acoustic features (V/U, F0 and LSP)

and superiority of the DNN to HMM baseline was shown by both objective and sub-

jective measurements [25]. Consequently, these encouraging results paved the way for

the future neural network research on speech synthesis and proved the great potential

for yielding natural sounding speech outperforming conventional HMMs.

1.5. Speaker Adaptation In Speech Synthesis

Speaker adaptation in the context of TTS is the process of adjusting a model

for an arbitrary target speaker. The resulting model is then expected to produce

utterances according to the voice characteristic of the target speaker. The adaptation

is generally based on a small amount of speech data taken from the target speaker.

In spite of the fact that concatenative approaches generate high-quality speech, they

are not tailored to perform this task since they do not offer a flexible model. A huge

database is required to be able to produce different speaking styles or expressions and
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storing units for each distinct speaker or emotion is impractical and costly. Hence,

statistical approaches in speech synthesis are the primary choice for this task due to

its highly flexible nature compared to conventional approaches such as unit selection

speech synthesis. Statistical approaches are theoretically able to adapt to different

scales of speaking styles and emotions, since they use the adaptation data at training

to tune their models.

A speech synthesis system that has the ability to adapt to an arbitrary speaker

with small amount of adaptation data is a quite appealing feature for applications that

use speech as input and/or output, especially for embedded systems with modest stor-

age and computation capabilities. Fast adaptation also eases the burden of recording

long duration of speeches, thereby reducing cost of adaptation by demanding a very

small sized sample (a couple of minutes).

Fast speaker adaptation systems can provide cheaper solutions in fields where

hiring a voice artist is not affordable, such as talking toys, cartoon characters, dubbing

of movies and audio theaters to a limited extent or audio stories. Area of application of

speaker adaptation can be expanded as the adaptation quality increases in time, since

it offers a wide range of speaking styles and emotions with a small footprint.

There are many studies on speaker adaptation for speech synthesis using statis-

tical approaches. However, very few of them used deep neural networks (DNN). As a

result, very little is known about the possible contributions of DNN to this field and

will be examined in detail in the rest of this research.

In this study, shortly, we proposed new alternatives to the conventional speaker

codes used in speaker adaptation and also showed the advantage of using post-filters as

an adaptation approach as well as a post-filter mechanism trained with an adversarial

network.
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2. MOTIVATION

2.1. Applications of TTS

There are a number of areas where a TTS system is employed. Although a

TTS system itself might hardly seem to address a common vital issue, it becomes

one of the essential components of an assistive technology when deployed with other

complementary components. It can be fundamental for particular groups of people

such as those who have learning disabilities (e.g. dsylexia), literacy problems, or visual

impairment. For instance, for people whose voice-related disabilities are due to motor

or sensory neurons rather than mental diseases, TTS systems, which can convert textual

information to speech, can be very helpful. The famous physicist Stephen Hawking had

been one example of these people who is a continuous user of such a system even for

presenting lectures until his death. Aside from people with hearing/speaking, or visual

disabilities, people for whom reading can be an exhausting experience, can also make

use of TTS applications together with an optical character recognition (OCR) systems

to read a random text. Some of these applications are casually used in trains, train

stations, airports, screen readers in computers/mobile phones, automotive navigation

systems, or other fields where recording of a human speech is costly. Additionally,

TTS is also applied in telecommunication services, language education, talking books

and toys, and man-machine communication [2]. For instance, an educational robot

with a TTS system embedded would be available anytime on demand for tasks such

as teaching spelling or pronunciation which is impossible for a human teacher.

2.2. Applications of Speaker Adaptation in TTS

Although a TTS system is expected to read any text input, the performance of the

system is likely to be better when the input comes from a specific and limited domain.

For example, a system that generates only the pronunciation of numbers and dates is

relatively easier to build than a general-purpose system. For example, a TTS module

deployed in a train station’s audio announcement system is expected to produce only
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station names, route numbers, emergency messages etc. For these scenarios, it may

be challenging to collect enough data to build a high quality model. This issue can

be addressed by using a speaker-adapted model trained with limited relevant data. In

cases where the utterances to be produced are known in advance, a trivial look-up

system will be sufficient. However, even the combination of dates and numbers alone

can easily inflate the number of possible utterances.

A TTS system’s one aspect leading to prohibitive costs is hiring a voice artist.

Adaptation with small dataset allows low-budget start-ups or enthusiasts to create their

own TTS module with a desired speaker’s voice instead of a few openly available voices.

Thus, it becomes more convenient and practical to build diverse voices especially for

recreational purposes such as voices in video games or cartoons.

Adaptation of a TTS model to an arbitrary speaker can be considered as a spe-

cial case of transfer learning and an analog of style transfer in the domain of speech

processing. Hence, techniques applied here can be transferred to other domains as well.

Additionally, instead of from one speaker to another, it can be an adaptation from neu-

tral speech to emotional (e.g. happy, sad, excited etc.) speech provided that the voice

still sounds as if it is uttered by the same speaker. This type of model transformation

might also provide us with a better understanding and analysis of speech.
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3. RELATED WORK

Deep learning applications has become mainstream in a short period of time, not

only in the area of speech processing but also in many different fields such as Natural

Language Processing, Machine Translation, Image Classification etc. However, that

has not been always the case. Although the important concepts in Deep Learning

such as backpropagation and recurrent structures have been known for over a decade,

they were not the popular choices until the advances in hardwares. Especially general

purpose GPU computing sped up the backpropagation by parallelizing the matrix

multiplications and the gradient calculations.

Adaptation of a TTS system for an arbitrary speaker with limited data is a dif-

ficult task. Especially when the number of parameters in the model is high, good

generalization performance based on a few utterance is hard to achieve. There were

several common techniques before deep learning methods had prevailed among others.

In the work of Mohammadi et al. (2014), Eigenvoice technique was used. Even though

this framework was successful in speech recognition systems and is also mathematically

meaningful, the synthesized speech has perceptual artifacts after adaptation [26]. The

proposed system by Mohammadi and Demiroglu (2013) focused on the input model

rather than the acoustic model itself for each target speaker [27]. The approach pro-

vides the closest reference speaker to the target speaker to be used in the speaker

adaptation process. Mohammadi and Demiroglu (2013) integrated both hybrid and

nearest-neighbor/cluster approach and made an improvement while it is still outper-

formed by speaker-dependent methods [27].

In the study of Tamura et al. (1998), phoneme HMMs were employed as synthesis

units without taking prosodic features into consideration such as pitch contour and

duration [28]. Maximum likelihood linear regression (MLLR) method is used to adapt

the voice characteristics to the target speaker. HMM-based speech synthesis suggested

by Tamura et al. (2001) continued the task and adapted other prosodic features to the

target speaker by training on a few utterances [29]. Multi-space probability distribution
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is used for modeling spectrum and pitch and again MLLR is applied for adapting to

an arbitrary speaker. In addition, another algorithm on HMM-based speech synthesis

was proposed by Yamagishi et al. (2009) [30]. It compared different configuration

choices and algorithms in training and model setup in speaker adaptation for HMM-

based speech synthesis. Additionally, a hidden semi-markov model was proposed in

Yamagishi et al. (2007) [31]. They worked on another prosodic feature, phone duration,

by trying to normalize its distributions together with other prosodic features such as

spectrum and F0. However, one difficulty is that the mean of the duration distribution

can be negative for the reason that the phone duration distributions are assumed to

be Gaussian.

Cluster adaptive training (CAT) in the study of Gales (1999) is one of the effective

models which is also used by Zen et al. (2012), Latorre et al. (2012) and Wan et al.

(2012) [32–35]. CAT algorithm is defined to be a simple extension of speaker clustering

where a linear interpolation of all the cluster means is utilized for the target speaker

instead of choosing one cluster [32]. Zen et al. (2012) proposed a framework in which

language characteristics are factorized as well as speaker characteristics in order to

make language adaptation possible too [33]. In the work of Latorre et al. (2012),

a set of clusters was used for representing each of the speaker-specific features and

expressive features such as emotions [34]. By changing the weights associated with

each set independently, obtaining intermediate degrees of both emotions and speaker

identities in synthetic speech is possible. However, it is claimed that expressiveness of

the model still needs improvement. In the study of Wan et al. (2012), speaker adaptive

and speaker dependent approaches are compared in terms of quality of speech [35]. It is

noted that the CAT approach produced more preferable results than speaker dependent

models.

As with the speech synthesis with deep learning models, the area is still open

to exploitation. Studies on statistical speech synthesis with recurrent neural networks

are not uncommon [36, 37]. In the work of van den Oord et al. (2016), the training is

directly performed on 44 hours of raw audio waveform from 109 different speakers [38].

Although the model is capable of producing natural-sounding audio, the proposed
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model is not practical since the generation process is computationally expensive. A

faster method is proposed by Wang et al. (2017) [39]. The suggested network is com-

posed of various types of layers such as attention-based encoder-decoder, convolutions,

highway networks, bi-directional RNNs and residual connections. The resulting system

is claimed to be robust to spelling errors and sensitive to punctuations. In the work of

Arik et al. (2017), the TTS system is unconventionally divided into components where

each component is modeled by a different neural network and the components together

form an end-to-end system [40]. With the proposed system, Arik et al. (2017) aims to

remove the feature engineering process which requires domain specific knowledge [40].

Moreover, errors in this process are likely to propagate and affect the overall accuracy

of the system.

Aside from speech synthesis, there are very few studies on speaker adaptive speech

synthesis using recurrent neural networks or any other neural network structure ex-

cept for the papers that worked on speech recognition. DNN-based TTS for speaker

adaptation is applied for the first time in 2015 [41]. State-of-the-art speaker adap-

tation techniques that are used for speech recognition are investigated in the context

of speaker adaptive speech synthesis. As a DNN framework, feedforward structure is

employed. As in HMM-based techniques, average voice models are constructed. Adap-

tation is later performed by retraining the networks for the target speaker. It is shown

that the DNN approach outperformed HMM according to objective closeness of the

generated speech to the original speech. However, in this work input labels are not

fully utilized and the default quinphone context is simplified to triphone context. Ad-

ditionally, generated parameters are fed directly to vocoder for synthesis. Skipping

the post-filtering process which ignores the first and second time derivatives can cause

unnatural flat areas in the generated parameters. Silent parts are also not removed

from the data before training which incorrectly affects the model. Fan et al. (2015)

proposed a network structure in which there are shared hidden layers trained by ev-

ery speaker’s samples and there are also exclusive layers that are only updated by

its speaker’s samples but note that there is no recurrent nodes [42]. The structure is

in Figure 3.1. In addition, an adaptation method is proposed where shared hidden

layers are borrowed from this multi-speaker model. Then, a new layer is added on
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Figure 3.1. Figure is taken from Fan et al. (2015) [42]

top of the shared layers and the new layer is trained according to a target speaker

while shared layer weights are fixed. This adaptation method outperformed speaker-

dependent DNN-based baseline approach in subjective results although the baseline

approach produced better objective results. This approach is called multi-task learn-

ing. It is based on the assumption that the samples have to share some information

and also somewhat differentiate from each other, which are, respectively, represented

by the lower shared layers and higher individual layers in the structure. The same

task was later carried out with the RNN extension [43]. Another multi-task learning

approach was adopted by Chen et al. (2014) where a bottleneck layer is placed in the

network assuming that it encodes binary cluster information and the multi-task model

is applied later on an another independent network with the information coming from

the first network’s bottleneck layer encoding [44].

In the work of Wu et al. (2015), DNN-based framework is employed together

with combination of different adaptation techniques such as i-vector, learning hidden

unit contribution (LHUC) and feature space transformation [45]. It is demonstrated

that combination of the three methods with DNN-based speaker adaptation performed

significantly better than HMM baseline. An unsupervised multi-speaker adaptation

technique is proposed by Fan et al. (2016) with the framework used in the previous work

by Fan et al. (2015) [42, 46]. However, the performance is not as good as its baseline

supervised counterpart even though the gap is not significant. Different recurrent

network structures are compared in modeling speech and the contribution of inner

gates of cells are investigated by Wu et al. (2016) [47]. Although there are many works
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on the analysis of RNNs from different aspects, the work of Wu et al. (2016) is in the

context of TTS [47].

Another aspect of this study is regarding the improvement and adaptation in

postfiltering the generated speech parameters. According to Jokinen et al. (2012),

postfiltering is the post-processing of speech signals in order to increase the intelligibil-

ity and the quality of speech not only in speech synthesis but also in other speech-related

technologies [48]. Older postfiltering techniques were applied on generated parameters

of Hidden Markov Model (HMM)-based TTS methods. In the study of Tokuda et

al. (2000), the postfiltering task is done by a forward-backward algorithm assuming

that the observations of the HMM is the generated speech parameters and the state

sequence of the HMM is only partly known [49]. Toda and Tokuda (2007) give both

a conventional parameter generation method given a sequence of parameters and their

dynamic features (first and second derivatives) and also an iterative method that ad-

ditionally includes the global variance [50]. Although Toda and Tokuda (2007) worked

on HMM-based methods, the given conventional method can be applied to the predic-

tions of the DNN-based methods [50]. In the work of Chen et al. (2014), a DNN-based

postfiltering model was proposed while the DNN does not consist of contemporary

feedforward layers but of Restricted Boltzman Machine (RBM) and Bernoulli Bidirec-

tional Associative Memory (BBAM) and it was also designed for HMM-based speech

synthesis [51]. In a more recent work by Muthukumar et al. (2016), a plain RNN

architecture was introduced and jointly trained with the main acoustic model [52].

A more complex Generative Adversarial Network (GAN)-based postfilter architecture

was shown by Kaneko et al. (2017) in which the synthetic parameters were fed to

the generator network of the GAN together with random noise vectors as input [53].

The synthetic parameters were also taken by the intermediate layers as input and the

generator was trained based on the discriminator’s loss function.
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4. DATASET AND EVALUATION

4.1. Dataset

All experiments were conducted with the Wall Street Journal (WSJ) speech

database. 154 features were extracted at a sampling rate 16KHz and 5 ms frame

rate 25 Mel-Generalized Cepstrum Coefficients (MGC), 1 log of fundamental frequency

(LF0) and 25 Band Aperiodicity (BAP) together with their delta and delta-delta fea-

tures. Additionally, an unvoice/voice binary feature was appended to represent voicing

information.

There are 135 speakers, each of them having different number of utterances with

between 60-1200. Aside from those 135, there are also 21 speakers, each of them having

more than 100 utterances with different transcriptions in the dataset. The utterances

from the 135 speakers will be used for the construction of the speaker-independent

(average-voice) model and the rest will be used during the adaptation process.

Utterances are in raw audio format and around 6-8 seconds whose some parts

are silent. For each utterance, there is a label file, which contains the phonetic and

linguistic context features of the corresponding text. Label files are extracted from raw

text with the help of Festival speech synthesis tool and prepared according to HTK

label format [54]. A label file can include text features such as phoneme information,

position of the phone, syllable position, part-of-speech tagging etc. Label files are the

unprocessed input data of the system, whereas raw audio files are the unprocessed

output data.

A 5-state HMM model was applied to model phoneme durations by using HTS 2.3

speech synthesis tool [55]. Among the total of 156 speakers, 135 of them -50 utterances

for each- were assigned as reference speakers and used for training, whereas the test

and adaptation processes were performed on the remaining 21 target speakers’ data.

We extracted 456 features from the input text, both binary and numerical, and the
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features then were normalized into the range of [0.01 0.99] before training. However,

the number of text features depends on the data set. The higher the number of features,

the more extensive the model is. Yet, higher dimensional input features require more

parameters to be learned. The predicted acoustic features are later fed to a vocoder [17]

to produce a waveform.

Each label file has as many frames or time steps as its corresponding expected

output and each frame contains both phonetic and linguistic information. Each frame

is converted to a numerical representation, a vector, according to a language- and

context-dependent label format. The HTK (The Hidden Markov Model Toolkit) tem-

plate and a single example in HTK format is as below:

The HTK label template:

p1^p2-p3+p4=p5@p6_p7

/A:a1_a2_a3

/B:b1-b2-b3@b4-b5&b6-b7#b8-b9$b10-b11!b12-b13;b14-b15|b16

/C:c1+c2+c3

/D:d1_d2

/E:e1+e2@e3+e4&e5+e6#e7+e8

/F:f1_f2

/G:g1_g2

/H:h1=h2@h3=h4|h5

/I:i1=i2

/J:j1+j2-j3

A label example for the sentence ’I want to be a great engineer’: where the implied

information is defined by Zen (2006) and documented as below [56].

p1: the phoneme identity before the previous phoneme

p2: the previous phoneme identity
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Figure 4.1. Figure of the label of the sentence ’I want to be a great engineer’

p3: the current phoneme identity

p4: the next phoneme identity

p5: the phoneme after the next phoneme identity

p6: position of the current phoneme identity

in the current syllable (forward)

p7: position of the current phoneme identity

in the current syllable (backward)

a1: whether the previous syllable stressed or not

(0: not stressed, 1: stressed)

a2: whether the previous syllable accented or not

(0: not accented, 1: accented)

a3: the number of phonemes in the previous syllable

b1: whether the current syllable stressed or not

(0: not stressed, 1: stressed)

b2: whether the current syllable accented or not

(0: not accented, 1: accented)

b3: the number of phonemes in the current syllable

b4: position of the current syllable in the current word (forward)

b5: position of the current syllable in the current word (backward)

b6: position of the current syllable in the current phrase (forward)

b7: position of the current syllable in the current phrase (backward)

b8: the number of stressed syllables before the current syllable
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in the current phrase

b9: the number of stressed syllables after the current syllable

in the current phrase

b10: the number of accented syllables before the current syllable

in the current phrase

b11: the number of accented syllables after the current syllable

in the current phrase

b12: the number of syllables from the previous stressed syllable

to the current syllable

b13: the number of syllables from the current syllable to

the next stressed syllable

b14: the number of syllables from the previous accented syllable to

the current syllable

b15: the number of syllables from the current syllable to

the next accented syllable

b16: name of the vowel of the current syllable

c1: whether the next syllable stressed or not

(0: not stressed, 1: stressed)

c2: whether the next syllable accented or not

(0: not accented, 1: accented)

c3: the number of phonemes in the next syllable

d1: gpos (guess part-of-speech) of the previous word

d2: the number of syllables in the previous word

e1: gpos (guess part-of-speech) of the current word

e2: the number of syllables in the current word

e3: position of the current word in the current phrase (forward)

e4: position of the current word in the current phrase (backward)

e5: the number of content words before the current word

in the current phrase

e6: the number of content words after the current word

in the current phrase
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e7: the number of words from the previous content word

to the current word

e8: the number of words from the current word to the next content word

f1: gpos (guess part-of-speech) of the next word

f2: the number of syllables in the next word

g1: the number of syllables in the previous phrase

g2: the number of words in the previous phrase

h1: the number of syllables in the current phrase

h2: the number of words in the current phrase

h3: position of the current phrase in utterance (forward)

h4: position of the current phrase in utterance (backward)

h5: TOBI (Tones and break indices) end tone of the current phrase

i1: the number of syllables in the next phrase

i2: the number of words in the next phrase

j1: the number of syllables in this utterance

j2: the number of words in this utterance

j3: the number of phrases in this utterance

The list can be expanded or shrunk as desired. The full set or a subset of these

linguistic features are converted into numerical values to be used as features for the

desired model. Notice that extraction of such features is not language-independent and

requires linguistic knowledge.

4.2. Pre-processing and Post-processing

Both input and output features are normalized before the training. This normal-

ization process is required to avoid weight explosions as well as saturation and bias

at activation functions. The selected activation function in all the three feed forward

layers is hyperbolic tangent (TANH), which is zero-origined as seen in Fig 4.2. As the

function goes to ∞ or −∞, the value of the gradient function (Equation 4.1) tends to

vanish and the maximum value is obtained when the input is around zero. This can
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Figure 4.2. Hyperbolic Tangent graph

be seen both visually in Fig 4.2 and equation 4.2.

d

dx
tanh(x) = 1− tanh2(x) (4.1)

lim
x→∞

d

dx
tanh(x) = lim

x→∞
1− tanh2(x) = 0 (4.2)

Therefore, it is necessary to z-normalize the data to avoid saturation by keeping it

around 0 so that the gradients do not quickly converge to 0. Otherwise, the small

gradients will dramatically slow down the training process since the updates are directly

dependent on the gradients.

Input features have either binary values or numerical values in the range of [0, 1]

whereas output features have a larger variance. Label files and output files are normal-

ized with 0 mean and 1 variance using the total mean and standard deviation vectors

calculated according the training set before being fed to the network. Due to the fair

assumption that input and output features come from a different distribution, global

mean and global variance vector of input and output data are calculated independently

of each other.
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Z-normalization is the subtraction of the mean followed by the division by the

standard deviation as in equation 4.3.

z =
(x− µ̂)

σ̂
(4.3)

where

µ̂ =

∑
x

n
(4.4)

and

σ̂ =

√∑
(x− µ̂)2

n
(4.5)

where x is a feature vector, n is the total number of samples (vectors), µ̂ is the mean

vector and σ̂ is the standard deviation vector.

After the training is finished and the model outputs a prediction, the raw output

is de-normalized according to the saved global mean and variance in the pre-processing

step. Then, maximum-likelihood parameter generation (MLPG) as given by Toda

and Tokuda (2007) was used for generating the eventual output features from these

predicted features [50]. Finally, the output features are sent to the vocoder in order

to synthesize speech waveform. For the training case, single global mean and variance

were used for normalizing all speakers’ data while these were re-calculated for each

speaker during adaptation.

4.2.1. Maximum-likelihood parameter generation (MLPG)

MLPG process is derived as follows: Let the output or prediction for a time step t

be ot = [ct
T ,∆ct

T ,∆2ct
T ]T where ct = [ct(1), ct(2), ...ct(D)]T is the static feature vector
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and ∆ct and ∆2ct are the dynamic feature vectors such that:

∆ct =

L
(1)
+∑

m=L
(1)
−

w(m)(1)ct+m (4.6)

∆2ct =

L
(2)
+∑

m=L
(2)
−

w(m)(2)ct+m (4.7)

We know that our acoustic features consist of time step vectors, hence, are represented

as matrices. However, they are considered as one vector therefore they are flattened

such as:

O = [oT1 , o
T
2 , ..., o

T
τ ]T (4.8)

and

C = [cT1 , c
T
2 , ..., c

T
τ ]T (4.9)

where τ is the number of time steps. Notice that C and O are not matrices but vectors

of DT -by-1 and 3DT -by-1. The linear relation between these two is:

O = WC (4.10)

and

W = [w1,w2, ...,wτ ]
T (4.11)

wt = [w
(0)
t ,w

(1)
t ,w

(2)
t ]T (4.12)
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w
(n)
t = [0

(1)
DxD, ...,0

(t−L(n)
− −1)

DxD , (−L(n)
− )IDxD, ..., w

(n)(0)IDxD, ..., (L
(n)
+ )IDxD, ...,0

(τ)
DxD]T

(4.13)

where 0
(t)
DxD is the tth D-by-D zero matrix and IDxD is the identity matrix. L

(0)
− , L

(0)
+

and w(0)(0) were given as 0 by Toda and Tokuda (2007) [50]. In our experiments, we

set the remaining parameters as L
(1)
− = L

(1)
+ = L

(2)
− = L

(2)
+ = 1 and w(−1)(1) = −0.5,

w(0)(1) = 0, w(1)(1) = 0.5 and w(−1)(2) = 1, w(0)(2) = −2, w(1)(2) = 1.

We know that the log-likelihood of a given multivariate sample vector x with k

random variables is

log(L) = −1

2
(log(Σ) + (x− µ)TΣ−1(x− µ) + klog(2π)) (4.14)

therefore, if plug O into 4.14

log(L|O) = −1

2
(log(Σ) + (O − µ)TΣ−1(O − µ) +Dlog(2π)) (4.15)

which becomes

log(L|O) = −1

2
(log(Σ)+OTΣ−1O+OTΣ−1µ+µTΣ−1O+µTΣ−1µ+Dlog(2π)) (4.16)

since Σ−1 is diagonal, OTΣ−1µ and µTΣ−1O must be equal, thus, we can write

log(L|O) = −1

2
OTΣ−1O +OTΣ−1µ+K (4.17)

where K can be considered as a constant since our objective is to find C that maximizes

log(L|O) and K is not a function of C. We take the partial derivative of log(L|O) with

respect to C and set it to 0.

∂log(L|WC)

∂C
= 0 (4.18)
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then

−W TΣ−1WC +W TΣ−1µ = 0 (4.19)

and

C = (W TΣ−1W )−1W TΣ−1µ (4.20)

where µ,Σ and W are of the shape 3DT -by-1, 3DT -by-3DT and 3DT -by-DT , respec-

tively

4.3. Analysis of Speech Waveform

Vocoders (Voice Coder) initially has been designed for the transmission of speech

via low bandwidth channels by encoding or compressing at one end and decoding or

reconstructing at the other end. Typical speech signal contains highly redundant infor-

mation considering the human perception of speech such as human ear’s insensitivity

to phase information of frequency components. The regular approach in modeling the

production of speech is the source-filter model inspired by the vocal system of human

where the energy or source is provided by the flow of air from lungs through the vo-

cal cords and acoustically filtered by the vocal tract (lips, teeth and tongue) and the

nose. The position of the vocal tract determines which frequencies to be amplified or

weakened, hence, producing phonemes. Similarly, vocoders break down a given speech

signal into two parts namely the spectral features (filter) and the excitation (source).

If the vocal cords are slightly open while speaking, the flowing air causes them to

vibrate which creates a periodic sound wave and the sounds created as such are called

the voiced sounds whose fundamental frequency is equal to the vibration rate of the

vocal cords e.g. all the vowels. On the other hand, when the vocal cords are open, no

periodic sound is produced and the sound is articulated by the turbulent air flowing

through the vocal tract as well as the nose and the phonemes articulated in this fashion
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are called the unvoiced sounds e.g. [s] as in September or any whispered sound. This

phenomenon is also modeled by the excitation part of the vocoder by using a switching

mechanism that chooses between a noise or a periodic sound as the source.

4.3.1. Spectral Analysis of Speech

The speech signals are known to be dynamic over time due to the continuous

change in the position of vocal organs. Thus, the speech signals are analyzed within

short intervals where the spectral features are assumed to be stationary. The entire

utterance is divided into small intervals which is called windowing and extracted by

the following equation.

y[n] = w[n]s[n] (4.21)

s is the source signal and w is the windowing function. Each processed window is called

a frame, the width of the window in milliseconds is the frame size and the distance

between the left end of consecutive windows is the frame shift [57] as shown in Figure

4.3.

Figure 4.3. The figure shows the frame size and shift when they are 25ms and 10ms,

respectively. (Taken from Martin and Jurafsky (2009) [57])
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The most basic windowing function is the rectangular window which takes a

region with no additional modification as below.

w[n] =

{
1 0 ≤ n ≤ L-1

0 otherwise
(4.22)

where L is the length of the window. However, the rectangular window might be

problematic for the Fourier transformation since the signal has discontinuities at the

edges of the window. This is mitigated by shrinking the magnitude on both sides and

one common function to do that is hamming window whose equation is as below.

w[n] =

{
0.54− 0.46cos(2πn

L
) 0 ≤ n ≤ L-1

0 otherwise
(4.23)

The output signal after being applied both hamming and rectangular window to a

cosine signal are shown in Figure 4.4.

Figure 4.4. The difference between rectangular and hamming window is

demonstrated on a simple cosine wave.
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The following step is the extraction of the component frequencies’ magnitudes.

This is obtained by the discrete Fourier transform (DFT) whose input is the windowed

signal. The DFT algorithm yields a complex number for each frequency component

whose absolute value is the corresponding magnitude. We know that human auditory

perception is insensitive to phase changes therefore the magnitude information will

suffice for further analysis. The DFT equation for an input signal x of length N is

given as below.

X[k] =
N−1∑
n=0

x[n]e−j
2π
N
kn (4.24)

One way to decompose a given signal into source and filter is the cepstrum (first

four letters of spectrum are reversed) analysis which is simply the inverse Fourier

transform of the log of the Fourier transform of the signal and described by the following

equation:

c[n] =
N−1∑
n=0

log

(∣∣∣∣∣
N−1∑
n=0

x[n]e−j
2π
N
kn

∣∣∣∣∣
)
e−j

2π
N
kn (4.25)

Notice that we switched back to the time domain and the coefficients of the cepstrum

are actually the samples belonging to the analyzed frame, which are called quefrency

(reorganizing the letters of frequency). Initial coefficients (less than 30) carry the

information about the articulated phoneme whereas higher coefficients can be examined

for the pitch information [3]. In Figure 4.5, it is clearly seen that there is a peak around

120 which is the periodicity of the analyzed signal.

Aside from the cepstrum analysis, there are other spectral estimation methods.

Tokuda et al. (1994) proposed a general framework that includes the cepstrum as a

special case, which is called mel-generalized cepstral (MGC) analysis [58].
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Figure 4.5. Cepstrum figure of a signal whose fundamental frequency is 120 Hz

(Taken from Taylor (2009) [3]).

4.3.2. Fundamental Frequency (F0) of Speech

The difference between the fundamental frequency of the perceived signal and

the frequency at which the vocal cords vibrate is very tiny and can be assumed to

be equal [3]. The fundamental frequency (F0) of a signal is the frequency rate of the

lowest frequency component of the signal. There are several techniques to extract the

F0 information from a given signal.

One way to find the F0 is the examination of the cepstrum analysis since its

higher values possess the information regarding the pitch and a spike is visible at a

point corresponding to the period of the fundamental frequency as shown in Figure 4.5

where the the period is 120. The F0 is found by dividing the sampling rate by this

number since the frequency is the inverse of the period.

f0 =
1

T0
(4.26)

In cases where there is no apparent peak in the higher quefrencies (right side of

the cepstrum), the signal is said to be unvoiced and sourced by a noise rather than a
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periodic wave.

The calculated F0 values are converted into the log scale (LF0) before the training

process.

4.3.3. Band Aperiodicity of Speech

Vocal cords do not move in a perfectly periodic manner even when voiced phonemes

such as vowels are articulated. Uttered sounds also include the energy of components

coming from turbulent air which prevents the produced waveform from being strictly

periodic. Aperiodicity is described as the ratio between the power of periodic com-

ponent and the power of noise [59]. This ratio varies depending on the frequency

band. Thus, it needs to be specified for each frequency band, hence the name, band

aperiodicity (BAP).

4.4. Objective Evaluation

Subjective tests are in general hard to replicate and costly. They also require more

time than objective tests [60]. One of the most successful objective tests in generating

correlated results with Mean Opinion Score (MOS) is the Perceptual Evaluation of

Speech Quality (PESQ) [61].

The parameters derived from the original speech can be a reference for com-

parison with generated parameters. One of the acoustic features, that is used for

re-constructing speech, is Mel-Generalized Cepstral Coefficient (MGC). As a similar-

ity measure, the distance between MGC of the target parameters and the estimated

parameters are calculated, which is called the Mel-Cepstral Distortion (MCD) [62].

MCD =
10
√

2

ln10

1

M

∑
m

√∑
d

(c(d,m)− ĉ(d,m))2 (4.27)
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where ĉ(d,m) and c(d,m) are dth mel-cepstral coefficients of estimated and reference

signals in the time frame m, respectively [62]. m is the frame number and M is the

total number of frames.

Another objective evaluation measure is the root mean square error (RMSE)

which is an error measure between the observed and the predicted values.

RMSE =

√√√√ 1

n

n∑
i

ei (4.28)

where ei is the error and n is the sequence length. RMSE score is not utilized in this

study since it fails to capture the logarithmic nature of the human perception.

4.5. Subjective Evaluation

4.5.1. Mean Opinion Score

In terms of quality and intelligibility, subjective tests provide more accurate mea-

sures than objective tests. One of the most famous subjective measure is the mean

opinion score (MOS) [63]. In MOS, listeners are expected to score the quality of a

given sound sample in a room that meets the conditions recommended by P800 of Rec

(2006) [63], ”The listener should be seated in a quiet room with volume between 30

and 120m3 and a reverberation time less than 500 ms (preferably in the range 200-300

ms).” Additionally, it is also recommended that the environmental noise should be

configured to the appropriate level according to noise spectrum provided by P800 of

Rec (2006) [63].

Opinion score is determined according to the Table 4.1. The MOS is calculated

by taking the mean of all the scores of every listener.
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Table 4.1. Mean Opinion Score (MOS) table.

Score Quality Impairment

5 Excellent Imperceptible

4 Good Perceptible but annoying

3 Fair Slightly annoying

2 Poor Annoying

1 Bad Very annoying

4.5.2. ABX Test

The standardization attempts of auditory tests and the proposition of the ABX

test were made by Munson and Gardner (1950) to evaluate whether the difference

between two set of samples in terms of similarity to reference samples is significantly

perceivable [64]. During the test, 3 audio samples labeled as A, B and X are presented

to the subjects where samples with A and B labels are generated by the 2 models being

compared whereas the audio sample with the X label is the reference sample and all

3 of them belong to the same text. The subjects are asked the question that which

one of A or B is more similar to X (the reference sample) in terms of naturalness,

intelligibility, voice characteristics etc. The subjects are free to stay neutral and not

choose A or B. Samples from the two sets are randomly placed in A or B option in

each trial in order to prevent the occurrence of bias by the subject towards one set over

the other during the test. If one of the two sets is not significantly preferred by the

subjects, then it is said that there is no perceivable difference between the two sets.

4.5.3. AB Test (Preference Test)

Akin to the ABX test, the subjects are asked to choose either A, B or neutral

option in the same manner. However, in the AB test, the reference samples are not

shown to the subject and the investigated aspect is that which one of A or B has a

more preferable sound quality instead of similarity to a third sample.
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Both in AB and ABX tests carried out in this study, we modified the web-based

interface provided by Kraft and Zölzer (2014) and used it as our test environment [65].

AB tests were conducted prior to the ABX tests since the target samples are revealed

to subjects in ABX tests. Otherwise the subjects’ preferences might have been affected

in AB tests where they are not supposed to see the target sample.
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5. PROPOSED APPROACH

The neural network framework is commonly used by many for training acoustic

models. However, there are challenges of training sequential data, which might have

arbitrarily long contextual dependencies. Aside from exploding gradient problem [66],

the major one among the challenges is the vanishing gradient problem, which causes

inability for the model to memorize long dependencies [67, 68]. The problem emerges

as the depth of the neural network structure increases, which is the case for deep

neural networks and recurrent neural networks. Nonetheless, recurrent units in the

neural network structure such as Long-Short Term Memory (LSTM) are proved to be

successful for acoustic modeling and handling the vanishing gradient problem [69–72].

Figure 5.1. Workflow of data preparation

As a baseline approach, an average model or speaker independent (SI) model

is built using utterances from 135 different speakers. Then as a baseline adaptation

technique, weights in all the layers of the network except the LSTM layer and the

output layer, which are relatively more decisive on the output, will be frozen during

adaptation and the weights of the LSTM layer and the output layer will be retrained

with the adaptation data. The workflow of the whole process is as shown in Figures

5.1, 5.2 and 5.3.
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Figure 5.2. Speaker Independent Model

Figure 5.3. Workflow of speech synthesis
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Figure 5.4. Baseline network architecture. This figure shows the structure that is

trained to form the speaker independent (SI) model. The model predicts the acoustic

features conditioned on the linguistic features and a speaker code.
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This technique is known as transfer learning. Many of the pioneering studies in

TTS field included multi-task learning as mentioned in chapter 3 which is a similar

concept to transfer learning. However, there is an important distinction between the

two. In multi-task learning, the learning agent simultaneously collects information on

diverse tasks and as many models as the number of tasks are formed as a result of a

collective training. However, in transfer learning there is a one-way dependency from

the source task model to the target task model [73]. The source model is included in

the target model according to a design of transferring information.

As another part of the baseline adaptation (BA), the network is fed by speaker

codes in addition to the text features as input. A speaker code is any vector that can

be considered as an embedding of a speaker’s voice identity.

The transfer learning approach and using speaker codes for adaptation are already

known techniques. The main contribution of this work both includes and extends these

two. Our novel adaptation techniques are two-fold. One aspect is a better replacement

of a given speaker code (identity vector or i-vector in our case) using nearest neighbor

and clustering methods. It is shown that the proposed method significantly boosted

the adaptation performance regardless of whether the baseline adaptation is applied

or not. The other aspect of this work is the adaptation of postfilters, to the best

of our knowledge, which are used in the TTS context but not examined in terms of

their ability to adapt to new speakers. We also extended the postfilter adaptation

process and incorporated adversarial training into it. Moreover, a cluster-based weight

initialization technique is applied to better optimize the postfilter network. We finally

demonstrated that the postfilter adaptation significantly increases the similarity of the

generated samples to the reference samples.
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6. METHODOLOGY

6.1. Recurrent Neural Networks and LSTM

RNNs have recently attracted the attention of different communities modeling

and analyzing temporal data especially due to the advancements of hardwares leading

to significantly faster training and their unprecedented success. Unlike conventional

Artificial Neural Networks (ANN), RNNs also have feedback connections which, theo-

retically, enable them to use previous states’ information. Despite its cyclic structure,

no neural network structure including RNNs has backward connection when unfolded.

This might be counter-intuitive at a first glance but an RNN’s feedforward structure

could be seen once it is unfolded in time as shown in Fig 6.1 and Fig 6.2 where the

temporal length of data becomes the depth of the unfolded network.

Figure 6.1. A simple RNN. Figure is

taken from Alpaydin (2010) [74] Figure 6.2. Unfolded version of the

RNN. Figure is taken from Alpaydin

(2010) [74]

A simple, conventional RNN cell is a function of previous layer’s output and the

previous output of itself. Feedback mechanism is generally local where recurrent cells

use their own previous outputs.

hti = g(f(xti, h
t−1
i )) (6.1)
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f is mostly an arbitrary linear function of xti and ht−1i , g is an activation function, xti

and hti are the ith layer’s input and output at time t− 1, respectively [74]. Activation

functions squash their input into a small interval (other non-linear transformations are

possible too, such as Rectified Linear Unit where ReLU(x) = max(0, x)) which brings

nonlinearity to the model and prevents the structure from being simple consecutive

matrix multiplication of layer weights.

One of the most advantageous attribute of RNNs is the parameter sharing. The

same parameters are shared with all the time steps but this is possible because of the

strong assumption that the transition between time steps t and t+ 1 is static and can

be modeled independently of t [75]. This assumption may be an oversimplification

in cases where dependencies are long such as NLP but in the context of TTS, it is a

plausible assumption since a generated output at a time step barely depends on long-

past information i.e. a given result at time tm, ht
m

can be assumed to be independent

of ht
n

or any state information st
n

where m >> n.

One particular and commonly preferred type of RNNs is the Long Short-Term

Memory (LSTM). Due to its ability of capturing sequential dependencies in a temporal

data and its popularity among scholars, it is appropriate to make an exclusive intro-

duction to LSTM under RNN section. LSTMs possess the recurrent characteristic as

their output is dependent on previous outputs. Unlike conventional RNNs, an LSTM

cell also have 3 gating mechanisms (input, forget and output gate): The input gate

scales the effect of current input and the previous output on LSTM’s cell state, the

forget gate scales the effect of cell state on the cell’s generated output and the output

gate scales how much of the generated output will be released. All the equations in an

LSTM cell are as follows:

f
(t)
i = σ

(
bfi +

∑
j

U f
i,jx

(t)
j +

∑
j

W f
i,jh

t−1
j

)
(6.2)
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gti = σ

(
bgi +

∑
j

U g
i,jx

t
j +
∑
j

W g
i,jh

(t−1)
j

)
(6.3)

q
(t)
i = σ

(
boi +

∑
j

U o
i,jx

(t)
j +

∑
j

W o
i,jh

(t−1)
j

)
(6.4)

sti = f
(t)
i + g

(t)
i σ

(
bi +

∑
j

Ui,jx
(t)
j +

∑
j

Wi,jh
(t−1)
j

)
(6.5)

h
(t)
i = tanh

(
s
(t)
i

)
q
(t)
i (6.6)

where σ is the sigmoid function and applied to all 3 gates’ output to obtain a result

between [0, 1].

σ(x) =
1

1 + e−x
(6.7)

and

tanh(x) =
ex − e−x

ex + e−x
(6.8)

f, g, q, s, h are respectively the scaling of the forget gate, the input gate and the output

gate, the state information and the eventual output.

By adjusting the weights of its gates, this complex inner structure provides flex-

ibility to choose between storing and discarding information seen in a time step. To

this day, LSTM is still one of the most popular choice and it is hard to say that it is

being replaced by its contemporary counterparts such as Gated Recurrent Unit (GRU)

which has a similar structure with less parameters [76].
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Figure 6.3. LSTM Cell Structure. Figure is taken from Goodfellow et al. (2016) [75].

6.2. Backpropagation Through Time (BPTT)

Classical backpropagation algorithm is a repetition of forward and backward

passes where a forward pass is simply the calculation of prediction conditioned on

the input with the current weights and a backward pass is the update of weights. This

repetition is applied as many time as specified before training or until the weights are

converged. In a forward pass, output is predicted based on the current weights. Then,

weights are fine-tuned in a backward pass by updating each weight in proportion to a

predefined learning rate times the weight’s individual gradient with respect to a loss

function as in Equation 6.9.

w ⇐ w − α∂F
∂w

(6.9)

where α is the learning rate, and F is the loss function. F might change depending

on the problem’s definition but the prediction of acoustic features is a linear regression

problem, hence, it is the mean square error (MSE) between the natural features and

the predictions.
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The feedback mechanism is visualized as a backward dependency in many repre-

sentations but if the recurrent model is unfolded, it becomes clear that the underlying

structure is a feedforward neural network that takes in the entire temporal data as

previously shown in Fig 6.1 and Fig 6.2.

BPTT is very similar to a classical backpropagation algorithm except that it is

done on RNN’s unfolded version so that the error in loss is actually backpropagated

through the time steps of data. This process may have to go through many layers if

the length of a sequence is long. However, this overhead can be relieved by truncating

the BPTT to a fixed number of steps, which is also called Truncated BPTT.

6.3. Environment

6.3.1. CUDA

CUDA is a platform and a programming interface created by NVIDIA enabling

general-purpose GPU computing. It makes use of GPUs’ multi-core structure to sub-

stantially increase computing performance by parallelizing the workload of algorithms.

Thanks to CUDA, C, C++ and Fortran code can be directly received by GPU [77].

However, there are also libraries that can translate Python code to lower level instruc-

tions which can run on hardware. Unfortunately, the use of CUDA is limited to certain

graphic cards and GPU-computing is done via CUDA Toolkit.

6.3.2. Theano

Theano is an open source Python library in which mathematical expressions can

be defined symbolically [78]. These expressions are compiled as a graph on GPU with

CUDA - compilation on CPU is also possible, nonetheless slower. Differentiation of

symbolic expressions and parallel processing are the significant features for the imple-

mentation of backpropagation algorithm. RNN and feedforward DNN implementations

for all the experiments are done via Theano framework.
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6.4. Speaker Codes

The source task and also the first stage of the experiment is the training of an

average model with different speakers. The input features that are fed to the network

includes only some general linguistic and phoneme information but no attribute of

the speaker. Information regarding the speaker’s voice needs to be somehow given to

the network in order to make the distinction between speakers. Two types of speaker

codes are employed in the experiments. Selected speaker code (i-vector or cluster ID)

is concatenated to every frame of input features.

6.4.1. Identity Vector and Its Extraction Process

Identity vectors (i-vector) are low-dimensional vectors carrying speaker charac-

teristics extracted from high-dimensional speaker-dependent vector space via factor

analysis [79]. It has been mainly used in the area of speaker identification. An i-vector

can be extracted from any utterance but if there are more than one utterances for a

speaker, which is the case in our data set, i-vectors are averaged so that a speaker is

represented by a single i-vector.

Using i-vectors as a representation of voice characteristic of speakers is one of

the state-of-the-art methods in text-independent speaker verification. The extraction

process consists of several steps some of which require introduction to better understand

the overall concept.

Before i-vector or any other speaker modeling techniques, feature vectors of voices

are modeled as high dimensional vectors using Gaussian Mixture Models (GMM).

GMM has the essential underlying assumption that dS dimensional feature vectors

of speech come from a probability density function that is a weighted summation of

Gaussian densities. Let S be the feature vectors that are extracted from a speech

sample such that S = {s1, s2, s3, ..., sT} where st is a dS dimensional feature vector

representing the features in the time step t. Let our GMM consist of M Gaussian

densities such that G = {wj, µj,
∑

j} and 1 ≤ j ≤ M where µj is a dS dimensional
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mean vector and
∑

j is a dS by dS diagonal covariance matrix and
M∑
j=1

wj = 1. Diagonal

covariances are more computationally convenient and they still perform comparably to

full covariances [80]. Given a GMM G, probability density function of st for Gj is

pj(st) =
1

(2π)ds/2|
∑

j |1/2
e−(1/2)(st−µj)

T
∑−1
j (st−µj) (6.10)

The density with respect to the model G is the weighted summation of Equation 6.10:

p(st) =
M∑
j

wjpj(st) (6.11)

Therefore, the log-likelihood of the speech sample S becomes

logp(S|G) =
1

T

T∑
t=1

logp(st) (6.12)

Given the feature vectors, the mixture weights and the parameters of the GMM

model’s mean and covariance matrices are iteratively estimated using the expectation-

maximization (EM) algorithm [81]. Once a GMM model is trained with given speech

features, all the mean values belonging to M Gaussian densities are concatenated to

build one vector as a representation of the speech, which is called the supervector of

the speech.

In speaker verification tasks, given a test sample speech, likelihood of two GMM

models that are the model of the speaker to be verified (speaker-dependent model) and

a model that is trained with a dataset of speech samples from many different speakers

(a universal background model (UBM) or speaker-independent model), are compared

to verify whether the given speech comes from the speaker’s GMM or not. Since the

speaker’s GMM can be trained with a few samples, the EM training of the model is

not initialized with random parameters as done in the UBM training but with the

parameters of the UBM [80].
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Supervector of mean vectors of UBM is typically a high dimensional vector and

a dimensionality reduction technique can be used to reduce the number of parameters

to adapt. A total variability space (TVS) approach is proposed by Dehak et al. (2011)

that models the speaker variability in a single total variability space [79]. In the TVS

approach,

ms = m0 + Tws (6.13)

where ms is the speaker-dependent supervector, m0 is the speaker-independent mean

supervector, T is a low rank rectangular matrix, and ws is called an identity vector

(i-vector) that has a lower dimension than the supervectors. The matrix T and the i-

vector ws are estimated using the EM algorithm once the supervectors of UBM and the

speaker-dependent are estimated as mentioned above. This dimensionality reduction

process enables some methods to be more practical that are otherwise computationally

expensive such as a support vector machine (SVM) training on supervectors [82].

6.4.2. Cluster-based Features

I-vectors are high dimensional vectors and during the Speaker Independent (SI)

model training the network is fed only a limited number of i-vectors many times. Thus,

how well the network parameters can generalize to a new i-vector when adaptation is

performed with limited data is an important concern. In the cluster-approach, the

training speakers are clustered into K groups using the k-means algorithm with their

i-vectors and the cosine similarity as in equation 6.14

Sim(v1, v2) =
v1.v2

‖v1‖2‖v2‖2
(6.14)

where v1 and v2 are vectors. The 1-of-K approach is then used to set the speaker code.

Since the number of clusters, K, can be way smaller than the i-vector dimensions and

all cluster codes are observed by the network during training, the issue of generaliza-

tion is addressed. However, some of the speaker-specific information is also lost during
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clustering. Thus, a balance between generalizability and retaining the speaker infor-

mation is needed when setting K. The parameter K is set as 5 since it has the best

performance in preliminary experiments.

Since a nearest-neighbor approach is used here, a distance measure is needed to

measure acoustic distances between the speakers. The cosine distance is employed as

a metric between the i-vectors of speakers in order to choose the nearest neighbors.

6.5. Model Training

6.5.1. Architecture Choice

Many distinct training techniques and their combinations were utilized and com-

pared during the experimentation. For each technique, the same network structure is

used in order to preserve consistency while comparing results. The structure includes

both conventional feed-forward and recurrent cells. In a deep network structure, cells

in lower layers and higher layers might have different behaviors. Lower layers could

be seen as a feature extractor which means that the raw input is converted into a

more abstract information to be used in higher layers. Since the RNNs are powerful in

sequence modeling, one may suggest that it would be best to use RNN cells in every

layer. However, an RNN cell has more parameters than a feed-forward cell and it is

generally harder to train parameters in lower layers than higher layers. Besides, forget

gates of RNN cells in lower layers tend to saturate towards 0 suggesting that those

cells block the previous state information and use only the current one, which is the

behavior of a feed-forward cell. In contrast to that, RNN cells in high layers are more

likely to incorporate previous state information [83]. Therefore, it is convenient to put

RNN cells on top of feed-forward layers. As for our task a neural network structure

with 3 feed-forward hidden layers at the bottom and 1 recurrent layer at the top is

chosen as well as a linear output layer. This DNN structure is shown in Figure 5.4.

The model consists of 3 fully connected feedforward (FF) layers with 512 units for

each and hyperbolic tangent as activation, 1 long-short term memory (LSTM) layer

with 256 units and a linear FF layer with the number of units as many as the num-
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ber of acoustic features. The connections shown in green are the connections that are

re-trained as part of the adaptation process whereas the black connections are trained

only in SI model training. This choice is based on the study of Wu et al. (2015) where

performance of recurrent cells are compared and significance of their gate structures

are examined [45]. As for the recurrent layer, LSTM was chosen due to its well-known

success compared to other recurrent cells.

6.5.2. Other Parameters

In order to fine-tune the model, Stochastic Gradient Descent (SGD) algorithm is

employed. SGD has a faster convergence rate than full-batch learning because weight

updates are done after one or few samples are seen rather than calculating the gradients

for the whole data before update. However, updating the model frequently causes

the training error to fluctuate. For that reason, momentum is added to the update

equation. Since momentum takes the previous update into consideration, a smoother

decrease trend in error graph is observed. For the first 20 epochs, 0.3 is selected for

momentum. After 20 epochs, it is increased to 0.9. Feed-forward layers in the structure

have hyperbolic tangent (TANH) as an activation function. Learning rate is 5x10−4

until 20th epoch. Then, learning rate is halved after each epoch because reducing the

step size lowers the probability of overshooting the local minimum while the model is

near it. Number of epochs for training is set to 200 but if the validation error does not

improve for 10 epoch in a row, training stops automatically.

6.5.3. Input-Output

Acoustic features (MGC, LF0, BAP and VUV) are extracted from raw speech files

and normalized. This output format, O, is chosen for all the training and adaptation

processes. As for the input I, each label file is converted into binary form in addition

to a few dimensions that are numeric in the range of [0, 1]. In addition to label files,

an identity vector (i-vector) vi for each speaker is taken into consideration for training.

Preprocessing stages of input and output are explained in detail in section 4.1.
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Both I and O are temporal data and consist of frames where a frame represents

a time interval. Corresponding input and output samples must have the same number

of frames even though the dimension of an input and an output frame might differ. E.g

for an utterance, input and output matrices are of size (tf , di) and (tf , do) where di, do

and tf are input, output dimensions of a frame and the number of frames, respectively.

When i-vectors are incorporated into text features, for each frame in I, the

speaker’s i-vector vi is concatenated to the frame so an input sample in the new in-

put set Iv has the size (tf , (di + dv)) such that do, di and dv are 154, 456 and 400,

respectively.

6.5.4. Speaker Independent Training

A few utterance of a speaker might carry significant information regarding the

speaker’s voice characteristic. However, such a small set of data alone fails to provide

enough information for building a new TTS model from scratch. Having an auxiliary

SI model improves the synthesis intelligibility and quality by offering extra information

extracted from a speech database with a great deal of variety.

Speaker independent (SI) model can be seen as an average of different speakers’

voice characteristics. SI model accounts for the base of the adaptation process and

is required as a complementary to target data. Since the ultimate quality of adapta-

tion relies on the SI model’s quality, SI model -thus, the training data for SI- must

be comprehensive and well-trained. WSJ data set is divided into two parts, namely

reference speakers and target speakers. SI model is trained with the speech of reference

speakers whereas data of target speakers are used for both execution and performance

evaluation of adaptation task. There are 135 reference speakers each of which has 50

utterances for training. In order to avoid overfitting, 1 utterance from each speaker is

excluded from training and treated as a validation set. In other words, 135x49 utter-

ances are employed for fine-tuning and validation loss is calculated with respect to the

remaining 135x1 utterances at each epoch. The weights of the model that yield the

best validation loss are saved.
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The training process involves 2 distinct models which vary based on the speaker

code that is used. A single SI model was trained using cluster IDs and similarly, one

other model using i-vectors. However, for the i-vector case, the SI model was re-trained

for each one of the 135 speakers which gives out 135 new models. Hence, at the end of

the training, one SI model trained with cluster IDs, one trained with i-vectors and 135

i-vector-trained models that are later re-trained for each speaker were obtained. First

two of these three are averaged models where the last 135 are specialized for each of

135 reference speakers.

The primary objective evaluation is to investigate the adaptation performance of

the DNNs for the MGC features. Thus, in the experiments, we used DNNs that predict

only MGC and DNNs that predict all MGC, LF0 and BAP features. Comparisons are

done for both cases.

6.5.5. Adaptation of Higher Layers

Adaptation process is basically the re-training of a previously trained model (the

average SI model in our case) on a target speaker’s data. However, in adaptation,

we chose to update only the weights in specified layers instead of all weights. Rest

of the weights are frozen and not modified. The top 2 layers, linear layer at the top

of the neural network and the LSTM layer are chosen and their weights are updated

exclusively during adaptation.

Both types of SI models, with i-vectors and with cluster IDs, are re-trained for

each target and reference speakers. 5, 15 and 30 utterances are taken from each target

speaker as adaptation data.

6.5.6. Nearest Neighbor Approach

Nearest Neighbor (NN) search is a special case of k-NN search where k is equal to

1. NN algorithm is simply searching for the nearest point to a given point with respect

to a predefined distance metric. In our context, every speaker is considered as a point
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and represented by their i-vector. The distance is calculated as

D = 1−
vijv

i
k

‖vij‖‖vik‖
(6.15)

where vij is the i-vector of speaker j.

NN approach is included in the adaptation process in several ways. Firstly, clos-

est reference speaker (nearest neighbor) to each target speaker is found according to

equation 6.15. Adapted models of the nearest reference speakers (NN model) are used

and no adaptation is carried out during synthesis from NN models.

Layer adaptation is also combined with NN. Rather than re-training on SI models,

adaptation is started with the NN model’s weights. This gives rise to a better weight

initialization for training which can be valuable because models with different initial

points in state space may converge to different local minima.

6.6. Postfiltering Cepstral Features

6.6.1. Speaker-Independent model

Before any adaptation process, a Speaker-Independent (SI) Deep Neural Network

(DNN) model with three feed-forward (FF) layers followed by one Long-Short Term

Memory (LSTM) layer and one output layer is trained where an FF layer, the LSTM

layer and the output layer have 512, 256 and 154 (the dimension of the output) units,

respectively. The model is fed by approximately 5 hours of balanced speech data taken

from 135 different male speakers. Every speaker has 50 utterances each of which has

the duration of 3-4 seconds. The DNN model is trained for 50 epochs with the batch

size of 4 where each utterance is zero-padded to the longest utterance’s length for

the training convenience. During the training, the speakers’ i-vectors are given to the

network together with the text features in order to represent the speakers’ identity. The

i-vectors extracted from every utterance of a speaker are averaged to one vector and this
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one i-vector is concatenated to each frame of the text features. Prior to the training, the

text features are normalized to the range of [0, 1] by min-max normalization whereas

the acoustic features are standardized by subtracting the mean and dividing by the

standard deviation.

6.6.2. Baseline Adaptation (BA)

As a baseline approach for the adaptation process, we retrain the prepared SI

model with 1, 2 and 3 utterances of the target speaker. However, only the LSTM layer

and the output layer parameters are re-updated since these layers are more decisive

(weights in higher layers have greater gradients on the loss function) for the network’s

output. The parameters of the three lower FF layers are frozen and not updated to

keep the number of parameters small and to avoid overfitting, considering the fact that

the target speaker’s data is very limited. As another part of the baseline adaptation

process, the i-vector extracted from the target speaker’s utterance (s) is given to the

network in the same way as in the SI model training together with the text features.

6.6.3. Postfiltering (PF)

The proposed Post-Filtering (PF) method is applied only to Mel-Generalized

Cepstral (MGC) features once the baseline adaptation process is completed. Differ-

ently from the baseline model, another fully-connected FF model with one hidden layer

having 64 units and no recurrent structure is implemented and trained using stochastic

gradient descent to map the generated MGC features to the target MGC features. Let

oi = [ĉTi ,∆ĉ
T
i ,∆

2ĉTi ]T be the output vector of the baseline network model for the ith

time step and ĉTi ,∆ĉ
T
i ,∆

2ĉTi be the cepstral, delta-cepstral and delta-delta-cepstral co-

efficients, respectively. The ultimate prediction ci of the baseline, is generated when the

output oi goes through the Maximum Likelihood Parameter Generation (MLPG) [49].

Since the PF structure does not include any recurrent layer, the context information

is provided to the PF model by giving the previous ci−1 and the next step’s ci+1

features. Additionally, the PF model also takes state and phoneme information as

1-of-k vectors. Let pni and sti be the 1-of-k vectors representing, respectively, the
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Figure 6.4. An overview of the postfiltering algorithm applied to a vector

representing the cepstral features at a time step i in a context. Phoneme and state

ids belonging to the ith time step are also given to the postfilter system as input.

phoneme and the state information of the ith time step of an utterance. In other

words, pnTi = [pni1, pni2, ..., pnij, ..., pnikpn ] such that pnij = 1 and pnij′ = 0, j′ 6= j

where kpn is the number of possible phonemes and j is the id of the phoneme corre-

sponding to ith time step. Similarly, stTi = [sti1, sti2, ..., stij, ..., stikst ] such that stij = 1

and stij′ = 0, j′ 6= j where kst is the number of possible states and j is the id of the

state corresponding to the ith time step. Consequently, an input vector for the PF

model is Ii = [cTi−1, c
T
i , c

T
i+1, pn

T
i , st

T
i ]T whereas the corresponding output vector is cpfi.

6.6.4. Cluster-based initialization for the postfilter training (CLSI)

Although the baseline adaptation model is fine-tuned on top of the SI model, our

proposed PF model’s training starts with random weights. At this point, we investi-

gated whether there is any room for improvement to the PF model’s initialization. We

hypothesized that a PF model that is pre-trained with the reference speakers whose
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voice characteristics are similar to a target speaker might be a better initialization for

the target speaker’s PF model than a random initialization. Our aim here is to help

the PF model parameters to settle at a possibly better local minimum by only setting

the initial values of the weights.

We divided the reference speakers into 5 groups by clustering them according to

their i-vectors using the k-means clustering method since 5 groups performed the best

in preliminary experiments. Then, for each group, one model is trained in the same

way as described in section 6.6.3 with the utterances of the speakers belonging to that

group. Then, during the PF adaptation for a target speaker, we initialize the model

with one of these 5 pre-trained models. As a selection criterion, the euclidean distance

of each group’s mean vector to the target speaker’s i-vector is taken into consideration.

6.6.5. Inclusion of adversarial network into postfiltering (ADV)

Generative Adversarial Networks (GAN) have been discussed and probed by

many researchers due to its ability to generate distinct fake samples that are simi-

lar to a set of given samples from an unknown distribution [84]. In addition to the

adversarial training’s success in computer vision, the application of this idea can con-

tribute to the naturalness of the samples from other distributions such as those in the

speech context. Indeed, in the work of Saito et al. (2017), it is shown that incor-

porating adversarial training contributes to the quality of the speech [85]. There are

a several variations of the adversarial training that are experimented by Saito et al.

(2017) but we adopted only the main idea and integrated to our PF system as shown

in Figure 6.5 [85]. In the first PF model, the network is trained using the standard

mean squared error (MSE) loss as below:

LMSE(ŷ, y) =
1

T

T∑
t=0

(yi − ŷi)2 (6.16)

where ŷi is a vector prediction for the time step i and yi vector is the target parameters

for the same time step. By introducing an adversarial network, we include a binary
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cross entropy loss function to our PF model training, which is:

LBCE(ŷ, y) =
1

T

T∑
t=0

−(yilog(ŷi) + (1− yi)log(1− ŷi)) (6.17)

where ŷi is a scalar prediction for the time step i and ŷi ∈ {x ∈ R | 0 < x < 1} while

yi is the target value for the time step i and yi ∈ (0, 1) denoting the label as either

fake (prediction) or real (natural). The weights of our PF model and the adversarial

network are updated consecutively as in a standard GAN training. The loss function

for the overall PF model here is as follows:

LPF = LMSE(cpf, cnat) +
ELMSE

ELBCE
LBCE(apcpf ,1) (6.18)

where ELMSE
and ELBCE are the expected values of MSE and binary cross entropy

losses. apcpf is the prediction of the adversarial network when its input is the param-

eters generated by the PF network and 1 is a vector of ones that has the same length

as apcpf . In other words, in addition to the conventional MSE loss (Equation 6.16),

Equation 6.17 is plugged such that the weights of the PF model can be updated in

the direction that the generated parameters cpf becomes indistinguishable from the

natural parameters cnat when evaluated by the adversarial network.
ELMSE

ELBCE
can be

considered as the scaling factor to boost the effect of LBCE since ELMSE
>> ELBCE

in the training, which accordingly makes the gradients from LMSE and LBCE to differ

greatly in magnitude. On the other hand, the weights of the adversarial network are

updated based on the following 2 loss functions:

L1
ADV = LBCE(apcpf ,0) (6.19)

L2
ADV = LBCE(apcnat,1) (6.20)

where apcpf and apcnat are the scalar predictions for, respectively, the generated pa-

rameters of the PF model and the natural parameters. 0 and 1 are the vectors of zero



53

and one. The decision to pick either L1
ADV or L2

ADV for the weight update is made

in a balanced and mutually exclusive manner as carried out typically in the training

process of a GAN model’s discriminator component.
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Figure 6.5. Postfiltering process with adversarial training. The input of the

adversarial network is switched between natural and generated parameters. The PF

model benefits both the MSE loss and the loss coming from the prediction of the

adversarial network regarding the PF model’s generated parameters.
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7. RESULTS

After each experiment, generated parameters are de-normalized before evaluation

and objective results for MCD values are reported as described in 4.4.

In the first set of experiments, we experimented with the speaker codes without

adapting the network weights. Results are shown in Table 7.1. 5 cases are considered.

NN i-vector is used in the first case (SI-NN), target speaker’s i-vector is used in the sec-

ond case (SI-tar), nearest-neighbor’s model (selected with i-vector) is used in the third

case (NN), nearest-neighbor’s model (selected by brute force, the model that has the

minimum generation error, MGE) is used in the fourth case (NN-MGE), and cluster-ID

is used in the last case. Using the i-vector of the nearest-neighbor outperformed using

the i-vector of the target speaker. However, using the cluster-id as the speaker code

performed the best. The same trend is observed both for the network that generates

only the MGC features and the network that generates all features.

When the model of the nearest-neighbor is used instead of the speaker-independent

(SI) model, performance is lower regardless of the speaker distance measure as shown

in Table 7.1. The nearest-neighbor models are trained with a relatively small number

of utterances compared to the training of the SI model and these NN models fail to

outperform the SI model for other speakers that are acoustically similar.

Another interesting observation in Table 7.1 is that the network that generates

all features (MGC+BAP+LF0) performs better than the network that only generates

the MGC features. Since the number of LSTM cells is the same for both networks,

generating all features through regression of the LSTM outputs is a more complex

problem and a higher MCD is expected. However, the extra weights, especially the

BAP features, seem to be playing a regularization role and helping the network reach

a better local optima during optimization.
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Adaptation performance of the MGC-generating network is shown in Table 7.2.

Similar to results in Table 7.1, cluster-id worked the best. Although NN-based i-vector

performed slightly better for the very low adaptation data, it performed the same as

using the i-vector of the target speaker for the 50utt and 100utt cases.

Adaptation performance of the network that generates all features is shown in

Table 7.3. Not only this network was better trained without adaptation as discussed

above, it could also adapt more effectively to the target speaker as shown in Table

7.3. Moreover, using the NN’s i-vector substantially outperformed the other speaker

codes which is likely to be related to the better optima found for the nearest-neighbors

during the SI training.

Since adapting a network with many weights is difficult when the training data

is small, we assessed the importance of parameters in the output and LSTM layers

during adaptation. Results are shown in Table 7.4. Adapting LSTM parameters only

performed better than adapting the output and the LSTM layer for the 5-utterance

and 15-utterance cases. Adapting all the weights of the network did not perform well

for the 5-utterance case but, performed better than others for the 15-utterance and

30-utterance cases.

We next analyzed the variance of the weights to understand which weights store

the most information and have the highest variance between the training speakers.

The LSTM parameters that regulate the effect of the cell memory on the new output

have the highest variance as shown in Figure 7.1. Weights and biases of the output

layer is shown in green whereas the LSTM weights are shown in blue. wcf belongs

to the forget gate and decides how much of the information will be allowed from the

previous time step’s cell state to affect the forget gate’s output. High variation in wcf

suggests that temporal information may be discarded or taken into consideration for

the forget gate’s respond depending on the incoming feature. wco is part of the output

gate function and decides which features of the cell state should affect the output gate’s

respond. One conjecture can be that only some features affect the degree of the cell

state’s reflection on the output. Whc is the matrix that transforms the previous time
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Table 7.1. Performance of the SI models are shown without any adaptation. One of

the SI models is trained to produce only the MGC features. The other SI model is

trained to produce all features.

SI-NN SI-tar NN NN-MGE Cluster

MGC 5.46 5.53 5.53 5.53 5.22*

All 5.33 5.42 5.37 5.37 5.29*

p-values for MGC SI-NN SI-tar NN NN-MGE Cluster

SI-NN - 0.32 0.32 0.32 0.00*

SI-tar - 0.97 0.96 0.00*

NN - 0.96 0.00*

NN-MGE - 0.00*

Cluster -

p-values for ALL SI-NN SI-tar NN NN-MGE Cluster

SI-NN - 0.04* 0.55 0.55 0.25

SI-tar - 0.16 0.95 0.00*

NN - 0.95 0.09

NN-MGE - 0.09

Cluster -
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Table 7.2. Adaptation performance when the target speaker’s i-vector is used, NN

speaker’s i-vector is used, and the cluster ID is used at the input. SI model is trained

to generate MGC features only and the last two layers (the LSTM and the output

layer) of the network are adapted.

5utt 15utt 30utt 50utt 100utt

NN i-vector 5.34 5.19 5.14 5.06 4.98

Target i-vector 5.36 5.20 5.15 5.06 4.98

Cluster ID 5.24* 5.12* 5.06* 4.99* 4.91*

p-values for 5utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.60 0.02*

Target i-vector - 0.00*

Cluster ID -

p-values for 15utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.57 0.09

Target i-vector - 0.02*

Cluster ID -

p-values for 30utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.81 0.07

Target i-vector - 0.04*

Cluster ID -
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Table 7.3. Adaptation performance when the target speaker’s i-vector is used, NN

speaker’s i-vector is used, and the cluster ID is used at the input. SI model is trained

to generate all features (MGC+LF0+BAP) and only the last two layers of the

network are adapted.

5utt 15utt 30utt

NN i-vector 5.06* 4.93* 4.87*

Target i-vector 5.26 5.17 5.09

Cluster ID 5.24 5.16 5.12

p-values for 5utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.00* 0.00*

Target i-vector - 0.93

Cluster ID -

p-values for 15utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.00* 0.00*

Target i-vector - 0.80

Cluster ID -

p-values for 30utt NN i-vector Target i-vector Cluster ID

NN i-vector - 0.00* 0.00*

Target i-vector - 0.58

Cluster ID -
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Table 7.4. Adaptation performance of the SI model that produces only the MGC

features. I-vectors of the NN speakers are used for input. Only a subset of the

network parameters in the output and LSTM layers. LSTM cell-weights correspond

to LSTM weights that correspond to the memory of the LSTM cell.

5utt 15utt 30utt

Output-only 5.33 5.24 5.19

LSTM-only 5.32* 5.20 5.16

Output+LSTM 5.37 5.20 5.15

Output+LSTM-cell-weights 5.34 5.20 5.15

LSTM-cell-weights 5.36 5.24 5.18

All-weights 5.35 5.18* 5.13*

p-values for 5utt Output LSTM Output

LSTM

Output

LSTM-cw

LSTM-cw All

Output - 0.68 0.55 0.92 0.52 0.79

LSTM - 0.31 0.61 0.29 0.50

Output

LSTM

- 0.63 0.96 0.75

Output

LSTM-cw

- 0.60 0.87

LSTM-cw - 0.71

All -

p-values for 15utt Output LSTM Output

LSTM

Output

LSTM-cw

LSTM-cw All

Output - 0.30 0.30 0.30 0.95 0.12

LSTM - 0.96 0.96 0.30 0.61

Output

LSTM

- 0.96 0.30 0.61

Output

LSTM-cw

- 0.30 0.61

LSTM-cw - 0.12

All -
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Table 7.5. Table 7.4 continued.

p-values for 30utt Output LSTM Output

LSTM

Output

LSTM-cw

LSTM-cw All

Output - 0.51 0.26 0.26 0.94 0.22

LSTM - 0.57 0.57 0.46 0.57

Output

LSTM

- 0.95 0.23 0.92

Output

LSTM-cw

- 0.23 0.92

LSTM-cw - 0.18

All -

step’s output whose high variation may be an implication that only some features from

the previous time step are amplified. High variation in biases of the forget gate and the

cell state, bf and bc, can also be an implication that the network is likely to filter the

flow of some features through time and prioritize some features over the other while

deciding the cell state. The weights of the output layer may be expected to have higher

variation than the LSTM weights since they tend to be optimized by higher gradients

because they are closer to the eventual output. When only those LSTM cell weights are

adapted whereas the others are frozen, reasonable adaptation performance is obtained

as shown in Table 7.4.

Since adapting all network parameters did not cause generalization issues, as

shown in Table 7.4, we compared it with adaptation of the last two layers using the

NN i-vector and cluster id for speaker codes. Cluster-based approach performed better

as shown in Table 7.6. Moreover, even though generalization did not become an issue,

adapting only the LSTM and output layers of the network was found to be sufficient.

7.1. Weight Examination of the Adapted Layers

Every adapted model differs from each other in its output and LSTM layer

weights. It might be beneficial to study those variances for better understanding the
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Table 7.6. Adaptation performance of the SI model that produces only the MGC

features. I-vectors of the NN speakers are used as input in the first two systems,

cluster-based approach is used in the other two systems. Adaptation of all network

weights and only the weights of the last two layers are compared.

5utt 15utt 30utt

NN-I-vector Output+LSTM 5.37 5.20 5.15

NN-I-vector All-weights 5.35 5.18 5.13

Cluster Output+LSTM 5.24* 5.12* 5.06*

Cluster-All 5.25 5.12* 5.06*

p-values for 5utt NN-I-vector

Output+LSTM

NN-I-vector

All-weights

Cluster

Output+LSTM

Cluster-All

NN-I-vector

Output+LSTM

- 0.75 0.00* 0.01*

NN-I-vector

All-weights

- 0.01* 0.02*

Cluster

Output+LSTM

- 0.92

Cluster-All -

p-values for 15utt NN-I-vector

Output+LSTM

NN-I-vector

All-weights

Cluster

Output+LSTM

Cluster-All

NN-I-vector

Output+LSTM

- 0.61 0.02* 0.02*

NN-I-vector

All-weights

- 0.07 0.07

Cluster

Output+LSTM

- 0.96

Cluster-All -
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Table 7.7. Table 7.6 continued. Rest of the p-values for comparisons shown in Table

7.6 are given.

p-values for 30utt NN-I-vector

Output+LSTM

NN-I-vector

All-weights

Cluster

Output+LSTM

Cluster-All

NN-I-vector

Output+LSTM

- 0.92 0.04* 0.04*

NN-I-vector

All-weights

- 0.04* 0.04*

Cluster

Output+LSTM

- 0.96

Cluster-All -

adaptation process. The variance among the adapted weights of every target speaker

model is shown in Figure 7.1. Invariant weights can be interpreted as resistant to adap-

tation or not informative about speaker characteristic whereas more variant weights

are said to be more suitable for adaptation.

7.2. Subjective results for the postfiltering mechanism

We investigate the performance of the PF model and the other two algorithms

we proposed by comparing the objective and the subjective results. The listening tests

as depicted in the first bar chart of Figures 7.2, 7.3 and 7.4 suggest that the PF model

when applied with the BA improves the performance significantly. The p-value for the

mean difference between A and B is less than 0.05 for the three figures although the

choice of neutral option becomes more common as the number of utterances for the

adaptation increases. This implies that the effect of PF is at its peak when the data for

adaptation is very little. The same trend can be seen in the second bar chart of the same

figures. Here, we hypothesize that CLSI is a significantly better choice with respect to

a random weight initialization because the weights are pre-trained and the new training

starts from a non-random and learned point in the search space thus, tends to stop at a

better local minimum. However, that is not the case for the adversarial training. Even



64

Figure 7.1. Variations in LSTM and Output layer weights are as above.

though it has a better mean value than the one without it for the 1-utterance case

as shown in the third column of Figure 7.2, this difference is not significant. In other

words, it can be argued that the subjective results suggest that the PF and the CLSI

algorithms have significantly beneficial effects on adaptation, unlike the performance

of the ADV.

In Table 7.14, unlike ABX test results, it can be seen that the PF and the CLSI

extensions have a deteriorating effect on BA whereas there is a significant drop in error

when the ADV is included. It even outperforms the rest for the 1-utterance adaptation

case.
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Figure 7.2. ABX test results for 1-utterance case. The PF and the CLSI algorithms

have significant contribution for adaptation.

Table 7.8. t-test p-values for ABX results for 1 utterance

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.05* 0.00* 0.45
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Figure 7.3. ABX test results for 2-utterance case. Similar to 1-utterance case, the PF

and the CLSI algorithms have significant contribution.

Table 7.9. t-test p-values for ABX results for 2 utterances

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.02* 0.07 0.89
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Figure 7.4. ABX test results for 3-utterance case. Although the PF and the CLSI

algorithms have still significantly better contribution, the rise in neutral option

suggests that they become less effective as more data is used.

Table 7.10. t-test p-values for ABX results for 3 utterances

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.02* 0.00* 0.82
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Figure 7.5. AB test results for 1-utterance case.

Table 7.11. t-test p-values for AB results for 1 utterance

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.41 0.64 0.29
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Figure 7.6. AB test results for 2-utterance case.

Table 7.12. t-test p-values for AB results for 2 utterances

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.10 0.26 0.41
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Figure 7.7. AB test results for 3-utterance case.

Table 7.13. t-test p-values for AB results for 3 utterances

BA vs PF PF vs PF+CLSI PF+CLSI vs PF+CLSI+GAN

P-value 0.15 0.48 0.70
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7.3. Postfiltering Variance Examination

Figure 7.8. The variances of the first dimension of MGC features (energy) taken from

40 test utterances of a target speaker are plotted as above. The most realistic

variance plot is obtained when the 3 algorithms are used together (in cyan).

Another aspect we investigated is the variance of the generated parameters. 40

test utterances of a random target speaker are taken for analysis. We calculated the

variance of the energy features (first dimension of MGC features) of each of the gener-

ated parameters since the energy has the largest range among the MGC features. 40

variance values corresponding to the 40 utterances are plotted for each of the 4 systems

together with the variances of the real parameters in Figure 7.8. The method whose

variance plot is most visibly distant from that of the real parameters (shown in green)

is the baseline adaptation (shown in black) and the closest variance plot belongs to the

fourth system where all the 3 algorithms are applied together (shown in cyan). Based

on Figure 7.8, it is fair to say that each of these proposed methods has a noticeably

positive effect on the variance in features of a sequence and that the 3 algorithms

together have the most realistic variance plot.
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Table 7.14. MCD scores for 4 systems are given. The proposed algorithms have the

best performance when the available data is very limited.

Utt BA BA+PF BA+PF+CLSI BA+PF+CLSI+ADV

1 5.48 5.96 5.75 5.32*

2 5.21* 5.63 5.47 5.34

3 5.13* 5.65 5.44 5.33

p-values for 1utt BA BA+PF BA+PF+CLSI BA+PF+CLSI+ADV

BA - 0.00* 0.00* 0.00*

BA+PF - 0.00* 0.00*

BA+PF+CLSI - 0.00*

BA+PF+CLSI+ADV -

p-values for 2utt BA BA+PF BA+PF+CLSI BA+PF+CLSI+ADV

BA - 0.00* 0.00* 0.00*

BA+PF - 0.00* 0.00*

BA+PF+CLSI - 0.00*

BA+PF+CLSI+ADV -

p-values for 3utt BA BA+PF BA+PF+CLSI BA+PF+CLSI+ADV

BA - 0.00* 0.00* 0.00*

BA+PF - 0.00* 0.00*

BA+PF+CLSI - 0.04*

BA+PF+CLSI+ADV -
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8. CONCLUSION AND FUTURE WORK

8.1. Conclusion

In this study, we proposed novel adaptation techniques, extended the existing ones

and evaluated their performances. We also analyzed the results and considered different

aspects of models such as behaviors and effects of certain weights. The proposed

techniques are shown to improve the adaptation performance in terms of both objective

and subjective measures.

The adaptation techniques in this study were adopted in the context of DNNs

which are the prominent models not only for the TTS systems but also other fields such

as NLP and Computer Vision. Thus, our adaptation techniques can be embraced by

those fields encompassing problems on which a transfer learning approach with DNNs

may be applied. The proposed methods are two independent adaptation process that

are implemented on the acoustic model and the postfilter and they can be applied

independently. The adaptation on the acoustic model increased the quality of the

sound whereas the postfilter adaptation increased the similarity to the target speaker’s

voice.

The DNN model framework, hence the proposed methods, has several issues that

are hard to address. Firstly, there are infinitely many possible combinations of net-

work architectures with infinitely many combinations of hidden unit size selections.

Unfortunately, this is still an open issue and there are no well-accepted guidelines for

selecting the optimum network for a given problem except for a few intuitive and em-

pirical suggestions. Additionally, the cost of training is another concern especially for

networks with a large number of weights, which prohibits an extensive hyperparameter

optimization. One other problem of DNNs is that they consist of stacked weights sepa-

rated by non-linear functions, which makes the interpretation of weights very difficult,

hence, complicates the analysis.
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8.2. Future work

The experiments in this study were conducted on networks that contain recurrent

and fully-connected feedforward layers. However, new neural network structures have

still been being introduced and some of them can be presumably transferred to the

TTS context. Our proposed techniques can be incorporated into these new DNN

types. Moreover, our postfilter adaptation methods can be also experimented even on

non-DNN TTS models that generate acoustic parameters.

The i-vector-based speaker verification is one of the state-of-the-art methods in

speaker verification. However, other types of speaker codes such as x-vectors [86] can

be an alternative or a replacement for the i-vectors in the future. Our techniques can

be applied to these speaker codes as well without extra assumption or modification to

the overall model.

TTS and speech recognition models are usually very similar and it is not uncom-

mon that a model that is shown to be successful in one of these two fields is later used

by the other. Therefore, our techniques or slight modifications of them can be applied

to adaptation problems in speech recognition as well.
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