REPORT

MASTER THESIS

INTEGRATION OF THE HARMONIC
PLUS NOISE MODEL (HNM) INTO
THE HIDDEN MARKOV
MODEL-BASED SPEECH
SYNTHESIS SYSTEM (HTS)

IDIAP RESEARCH

JUNE 2006

Coralie Hemptinne

IDIAP Research Institute www.idiap.ch

Rue du Simplon 4 P.O. Box 592 1920 Martigny — Switzerland
Tel: #4127 72177 11 Fax: +41 27 72177 12 Email: info@idiap.ch






i



MASTER THESIS

INTEGRATION OF THE HARMONIC PLUS NOISE MODEL
(HNM) INTO THE HIDDEN MARKOV MODEL-BASED
SPEECH SYNTHESIS SYSTEM (HTS)

Coralie Hemptinne

JUNE 2006



i



Abstract

In the present project, we developed and tested a new model-based text-to-speech (TTS) system,
integrating the Harmonic plus Noise Model (HNM) into the Hidden Markov Model-based Speech
Synthesis System (HTS). This integration leads to a TTS system that requires smaller development
time and cost, in comparison with the usual state-of-the-art TTS systems typically based on automatic
selection and synthesis of subword units (e.g., diphones), while also producing a better quality speech
output (compared to HTS alone). This quality enhancement is achieved by replacing the source filter
modeling approach typically used in HTS with the HNM model, which is known for being able to
synthesize natural sounding speech under various prosodic modifications.

The basic idea behind HNM is to model speech as being composed of harmonic and noise parts.
Voiced frames comprise a harmonic part and a noise part, separated by the time-varying maximum
voiced frequency, whereas unvoiced frames are only composed of a noise part. The HNM algorithm
consists in two steps: (1) the HNM analysis, i.e. the computation of the HNM parameters of every
acoustic unit of the training database, and (2) the HNM synthesis, i.e. the speech waveform synthesis
from the HNM parameters.

The HTS system comprises a training and a synthesis part. The training part consists in com-
puting the parameters modeling the database and in training context-dependent HMMs. During the
synthesis part, given the target prosodic and phonetic labels corresponding to the text to synthesize,
the adequate context-dependent HMMs are concatenated to build a composite HMM. The most likely
parameters are then estimated and used to synthesize speech waveform using a filter-based approach.

In the TTS system developed in this work, the utterance database is modeled by HNM parame-
ters, which constitutes the first modification of the HTS system. These parameters and their dynamic
features are used to train context-dependent HMMs, like in HTS. A composite HMM is then con-
structed and the HMM parameters are generated by maximum likelihood estimation. Finally, the
speech waveform is obtained by HNM synthesis, which is the second modification of the HTS sys-
tem. This constitutes the general description of the TTS system used in this work, which has been
implemented in three different ways: (1) The HNM parameters are extracted at a fixed rate from the
training database; they include the linear predictive cepstral coefficients (LPCC) and the fundamental
frequency; (2) The same parameters are extracted pitch-synchronously; (3) The extraction is again
pitch-synchronous, but maximum voiced frequency is also modeled. In conclusion, a slightly better
speech waveform quality is obtained in the third case.
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Chapter 1

Introduction

1.1 Overview

In our society, where speed and efficiency are key qualities, a human computer interaction
via speech is of great pertinence. Such an interaction involves speech recognition and speech
synthesis. The first one consists in extracting the message information in a speech signal so
as to control the actions of a machine in response to spoken commands, whereas the second
one is the process of creating a synthetic replica of a speech signal so as to transmit a message
from a machine to a person, with the purpose of conveying the information in the message

[Rabiner94].

Speech recognition and speech synthesis have been used in numerous applications for
several years, and new applications are appearing every year, with the improvement of the

recognition rate and the quality of synthesized speech. Applications exist:

e To help the disabled: automatic reading of electronic and paper documents with an

artificial voice;

e In multimedia: interactive games, educational softwares (foreign languages learning,
reading learning, etc.), interaction with PDAs, pocket PCs, where the very small key-
board is time-consuming to use, information retrieval from an archive of BBC news

broadcasts;

e In telecommunication: checking of one’s emails or faxes with the telephone, listening
to the synthesized speech corresponding to SMSs, voice access to databases (price list,

cultural events, weather report, etc.).



1.1.1 Aims

In speech synthesis, which is the field of this work, the aim is to obtain a synthesized
speech not only easily understandable, but also indistinguishable from that produced by a
human, in other words, to create a system that equals the human performance. Thus, the

two qualities required by a speech synthesis system are intelligibility and naturalness.

Most current text-to-speech systems are able to achieve acceptable levels of intelligibility.
Naturalness is obtained if the waveform synthesis part of the TTS systems is able to render
speech under various prosodic, phonetic, emotional and even semantic contexts. This is
the basic idea behind continuous speech database-driven techniques, mainly unit selection.
While providing more natural waveform synthesis, database-driven synthesis techniques have
several drawbacks, mainly the requirement of a very large database, and the unability to
produce unseen contexts. These disadvantages may be overcome with an alternative to the
database-driven technique, which is the model-based speech synthesis technique, mainly the
Hidden Markov Model-based speech synthesis system. Currently speech synthesized with
HMM synthesis is not of high quality because the speech waveform is generated with a filter-
based approach. A better quality could be obtained by replacing this filter-based approach by
the Harmonic Plus Noise Model, which is known for being able to synthesize natural sounding

speech under various prosodic modifications’.

In conclusion, this thesis aims at improving the quality of the speech synthesized by a
Hidden Markov Model-based approach.

1.1.2 Scope of research

Within the six months of this thesis the goals had to be prioritized. There remains several
avenues of research to investigate, which are detailed in section 6.2. This work is based on

the following assumptions:

e Statistical models have been trained using a database spoken by a Scottish English
male speaker. It is expected that a HMM-based synthesis using training data including
several speakers, from both genders, would lead to equal results in terms of speech

waveform quality.

e HMM training has been performed by using two kinds of feature vector. They comprise
the linear predictive cepstral coefficients and their the delta and delta-delta coefficients,
the fundamental frequency and its dynamic features, and, only in one of the two feature

vectors, the maximum voiced frequency and its dynamic features. Synthesis in this work

'See below for more details.



is based on the assumption of zero phase. Harmonic amplitudes are derived from the
linear prediction coefficients. The quality of the synthesized speech waveform may be
improved by using other kind of features. There may be better solution to model the

harmonic phases. Harmonic amplitudes may be parameterized in a different way.

e The research in this thesis is limited to the integration of the Harmonic plus Noise Model

into the Hidden Markov Model-based Speech Synthesis System, given:

— The parameters provided by the HNM analysis module developed by D. Van-

dromme |Van Dromme05];

— The phonetic and prosodic targets generated by The Festival Speech Synthesis

System, which is an open source speech synthesis software |Black99];

— The speech waveform synthesis carried out by the HNM synthesis module written

by D. Vandromme [Van Dromme05].

1.2 Thesis organization

This report is concerned with text-to-speech synthesis, and more precisely with the in-
tegration of the Harmonic plus Noise Model (HNM) into the Hidden Markov Model-based
Speech Synthesis System (HTS). It is then organized as follows:

Chapter 2 recalls briefly the general structure of a text-to-speech system. It explains
first the natural language processing and describes then the main approaches to generate
the speech waveform, namely rule-based synthesis, diphone based synthesis, unit selection
synthesis and model-based synthesis. Unit selection synthesis is the state-of-the-art synthesis
technique. It is compared from several points of view with the model-based synthesis, which is
the technique used in this work. This chapter ends with a more detailed description of linear
prediction techniques, time domain-methods and hybrid harmonic/stochastic approaches, as

well as a comparison between these techniques.

Chapter 3 describes the Hidden Markov Model-based Speech Synthesis System (HTS),
which is the only public implementation of model-based synthesis. First section describes the
training part of the system. It details the features that are used in HTS to model speech, as
well as their output distribution. It explains then the interest of using tree-based clustering
techniques. Second section describes the synthesis part of HT'S. Finally third section details

the maximum likelihood estimation of parameters from HMMs.

Chapter 4 describes the Harmonic plus Noise Model. It comprises two sections, which

detail the HNM analysis and synthesis, i.e. the computation of the HNM parameters of



every acoustic unit of the utterance database and the speech waveform synthesis using these

parameters.

Finally, chapter 5 details the integration of the HNM model into the HTS system. First
section is devoted to the training part of the system. Three syntheses have been performed,
making different different design choices, which are described in this section. Then some
explanations are given about the function of all the software tools used for training context-
dependent HMMs. Second section concerns the synthesis part of the system. It explains the
operations that must be performed on the parameters generated by the composite HMM to
meet the requirements of the HNM synthesis module. This chapter ends with a comparison

of the speech waveform qualityof the three syntheses that have been performed.
Appendix A provides information about the open source softwares used in this work.

Appendix B gives mathematical details on Hidden Markov Model modeling.



Chapter 2
TTS summary

Text-to-speech synthesis refers to the automated generation of speech from any text, by
mapping the sequence of characters of this text into another sequence of numbers representing
the samples of the synthesized speech [Dines03, Dutoit02, Stylianou96|. This is achieved in
two steps, as represented on Figure 2.1: the natural language processing, and the digital signal

processing, which is in other words the speech waveform generation.

2.1 Natural language processing

The natural language processing takes raw text as input and outputs a symbolic linguistic

representation. This leads to three major tasks:

e The pre-processing of the input text includes four phases: the detection of the end of
sentences, the conversion of numbers, the expansion of abbreviations and acronyms into
full text, the assignment of part-of-speech to every word, and the isolation of phrases

to derive the intonation. These tasks are not straightforward; a TTS system must deal

| Text-to-speech synthesizer |

Matural language Digital zignal
processing processing
Marrow
Tntoratiors Phonetic
ntonato o
Text Pre-processing H Phonetization|H  Duration Teanzcriphian SSPE:IEn:h_ Spead
Fenaration rh FNesLs
ones Int/ Dur

Figure 2.1: A text-to-speech synthesizer, source [Dutoit02]



with several linguistic ambiguities. For example, the dots don’t necessarily indicate the
end of a sentence; the pronunciation of a number depends on its context: if 1325 is part
of an address (1325 Main St.) it should be read as "thirteen twenty-five", and, if it is
the last four digits of a social security number, its pronunciation becomes "one three
two five"; abbreviations can be ambiguous, such as "St." in "St. John St.", etc. The

resulting data are sent to the next unit, that is, the phonetization.

e The phonetization establishes the phonetic transcription of the input sentences. The
system must deal with words that are pronounced differently based on context (" The
clouds" and " The army"), with heterophonic homographs ("Everyday, he records the
weather records."), with phonetic liaisons (In French, liaisons can be compulsory: "trés
utile", forbidden: "plat exquis", or optional: "deux & deux".), with assimilation, with

proper nouns, etc.

Two approaches exist to perform the phonetization. The simplest one is based on
a large dictionary containing all the words of a language and their pronunciation; it
is then possible to replace each word by its phonetic transcription in the dictionary.
The other approach relies on rules that derive the pronunciation of words from their
spelling. In comparison to the rule-based approach, the dictionary-based technique
requires more memory space, is more accurate (doesn’t need to deal with irregular
spellings or pronunciations) but is far less efficient if it is given a new word, i.e. a word

which is not in its dictionary.

e The generation of prosody determines the sequence of prosodic characteristics, stored
in the form of quantitative values. Prosody refers to intonation, rhythm, and vocal stress
in speech; the prosodic features of a unit of speech (like a syllable, a word, a phrase
or a clause) are the fundamental frequency (pitch), the duration and information the
intensity. The prosodic characteristics of an utterance bring it additional meaning,
not only related to emotion and naturalness, but also to intelligibility, as prosody is
influenced by syntax and semantics, eg. in French, "On se quitte demain 7" compared

to "On se quitte demain !".

2.2 Speech waveform generation

The second step of text-to-speech synthesis is the speech waveform generation. It uses the
above symbolic linguistic representation, that is the phonetic transcription and the prosodic
information, to produce the synthesized speech waveform. Several technologies have been
developed to synthesize speech waveforms. They fall into two categories: rule-based synthesis

and database-driven synthesis. The rule-based synthesis was invented in 1964. Despite a



Database-driven synthesis
Rule-based synthesis Concatenative synthesis Model-based synthesis
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Figure 2.2: An overview of the speech waveform synthesis techniques
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Figure 2.3: Coarticulation in the case of the phone [w], source [Odell95]

fairly average synthesized speech quality, rule-based synthesizers are still sold today. A better
quality is obtained with the second approach, which can be also categorized into concatenative
synthesis and model-based synthesis, which appeared in 1999. A last distinction can be made
in concatenative synthesis between diphone based (1977) and unit selection based synthesis
(1997). Table 2.2 gives an overview of all the existing approaches to the speech waveform

generation. These approaches are detailed in the following sections.

2.2.1 Rule-based synthesis

The rule-based synthesis, also called "formant! synthesis", doesn’t use any human speech
samples but relies on rules written by linguists to generate the parameters that will permit
the synthesis of speech, and to deal with the transition from one phoneme to another, that is,

the coarticulation? To write these rules, linguists have studied spectrograms and derived the

!The formants are the peaks in the frequency spectrum.
2The coarticulation is the modification in the pronunciation of a sound because of its phonetic context,

due to physiological constraints [Dutoit02]. Indeed speech is produced by physical articulators, which cannot
react suddenly; actually they move continually and slowly from the position required to articulate the previous
phone towards the position required for the next phone, via the position needed for the current phone [Odell95].
This means, for example, that the frequency spectrum of two [w] will be different if they’re preceded and/or
followed by different sounds. This is illustrated by the Figure 2.3, that represents the spectrogram of the
sentence "We were away with William in Sea World."



rules of the evolution of formants. However we do not yet know the optimal rules to do this
[Klatt87]. Moreover, the speech waveform is naturally produced in such a complex process

that, currently, rules can only model the main features of the speech waveform.

Therefore, the synthesized speech has an artificial, robotic sound, and the goal of natu-
ralness is not reached. However, the rule-based synthesized speech is very intelligible, even at
high speeds, which is quite useful for the visually impaired for quickly navigating computers
using a screen reader. Moreover, when memory and processing costs are limited, such as
in embedded systems, these synthesizers are more interesting than database-driven systems

because they don’t have a database of speech samples.

The rule-based synthesis approach has been implemented in MITalk [Allen87, Allen79], in
Klattalk [Klatt82], in DECTalk [Klatt90].

2.2.2 Database-driven synthesis

Database-driven synthesis techniques are based on a labeled database of utterances®, from
which acoustic units are extracted. Then, the units are either concatenated in the case of
concatenative synthesis or they are used to train statistical models in the case of model-based

synthesis. This is described below.

In database-driven synthesis, coarticulation is no longer described by rules because it is
embedded in the acoustic units, which are diphones?®, triphones, etc. The choice of the size of
the unit is an open issue dependent on the coverage of the synthesis database. Let’s compare
diphones and triphones. The number of diphones being smaller than that of triphones, the
required speech corpus to enable a diphone based speech synthesis is smaller. But the synthesis
of an utterance requires more concatenations in the case of diphones, which obviously damages
the quality of synthesized speech. Therefore the size of the unit is a trade-off between the

database size and the number of joins between concatenated units.

Concatenative synthesis

Concatenative synthesis consists of two main steps: 1) The inventory is built, by extracting
acoustic units from the utterance database; 2) According to the text to synthesize, the required

units are selected and concatenated.

It is unlikely that the target and recorded prosodies are the same, as the context of the

3The utterances can be either nonsense words, like in Festival, or actual words/sentences.
*A diphone is a pair of adjacent phones; more precisely it groups the second half of the first phone and the

first half of the second phone.



target and recorded acoustic units are different. The desired prosody is then obtained by
signal processing techniques. Finally the units’ boundaries must be smoothed. These last
two steps degrade the quality of the units. Examples of systems implementing concatenative
synthesis are: Festival [Black99], CHATR [Campbell96|, Next-Gen |Beutnagel99]|, RealSpeak
[Coorman00].

Concatenative synthesis is categorized into diphone based synthesis and unit selection
synthesis according to the size of the units’ database, which is much larger in the case of unit

selection synthesis. These two approaches are described in the following sections.

Diphone based synthesis In diphone based synthesis, it is assumed that the coarticula-
tory effect is limited, that a phoneme is only influenced by the last one. Consequently the
units’ database includes only one prosodically neutral instance of every diphone in the lan-
guage. The number of diphones in a language is reasonable (English comprises around 1600
diphones). Therefore the database is rather small (about 3 minutes of speech, or 5Mb). The
selection of the diphones to concatenate is quite simple: after the phonetization process, we
have a sequence of phonemes, which corresponds to a single sequence of diphones. Finally
prosodic modifications smoothing of the units boundaries are performed using one of the fol-
lowing techniques : LPC [Makhoul75|, PSOLA [Hamon89, Charpentier86|, RELP [Hunt89],
MBROLA [Dutoit93] and HNM [Stylianou96, Stylianou01, Stylianou98|. Details on these

techniques are given in sections 2.3, 2.4 and 2.5.

Unit selection synthesis In the case of automatic unit selection, the coarticulatory influ-
ence isn’t limited to the last phoneme. The database is much larger (1-10 hours, or 150Mb-
1500Mb) and comprises several occurrences of each acoustic unit, captured under various
contexts (like its neighboring phonemes of course, but also its pitch, its duration, its position
in the syllable, etc.). As a result, the sequence of phonemes to synthesize leads to a lattice of
acoustic units, in which the best path must be found. For each phoneme, a unit is selected so
that it not only best corresponds to the expected contexts (prosody, phonetics, etc.) but also
minimizes the spectral and prosodic discontinuities. In other words, the best path, selected
with the Viterbi algorithm, is the path that minimizes the sum of a "target" and "concate-
nation" cost. Consequently, automatic unit selection requires much less modification of the
speech units, which leads to an overall quality of the synthesized speech much more natural

than with diphone based synthesis.

Apart from this naturalness, unit selection techniques have several disadvantages:

e They rely on a very large database, which implies, on the one hand, considerable de-

velopment time and cost to collect and label the data, and on the other hand, large



memory resource requirements to store the data.

e Incorrect labeling and occurrence of unseen target contexts lead to fragments of synthe-
sized speech of extremely poor quality. This phenomenon of unseen contexts may well
never be fully overcome with concatenative synthesis as [Mobius01] suggest that rare

events will always occur in language.

Great interest is therefore taken in the research related to model-based synthesis, which

overcome these drawbacks.

Model-based synthesis

The model-based synthesis is an hybrid between rule-based and database-driven tech-
niques. The speech database is described by a parametric model. The parameters (eg. the
frequency spectrum, the pitch, the duration, etc.) are summarized by a set of statistical mod-
els, that is the Hidden Markov Models, that capture the significant patterns of the speech
units. Finally, speech waveforms are generated by the HMMs based on a maximum likelihood

criterion.

The Hidden Markov Model-Based Speech Synthesis System (HTS), which is the only public
implementation of model-based synthesis, is described in chapter 3. Model-based synthesis
has also been implemented by Microsoft in Whistler (Whisper Highly Intelligent Stochastic
TaLkER) [Huang96|, and by IBM |Donovan98, Donovan01].

In comparison with unit selection synthesis, model-based synthesis has the following ad-
vantages and drawbacks [Dines03, Tokuda02-2|:

e The automatic learning of model parameters, with a relatively small quantity of training
data, reduces the storage requirements, and allows to develop a new voice in much less

time.

e As far as the waveform quality is concerned, it must be recognized that model-based
synthesis has a quality of "vocoded speech". However the use of HMMs and the introduc-
tion of dynamic features avoid the discontinuities observed in concatenative synthesis.
Moreover, while waveform quality in unit selection synthesis can severely decrease in
case of unseen target contexts and consequent bad unit selection, model-based synthesis
provides means of generalization for unseen contexts, thanks to the decision-tree-based

context clustering technique. This results in intelligible speech under numerous contexts.

e Model-based synthesis allows easy modification of the voice characteristics by using

a speaker adaptation/interpolation technique, while unit selection synthesis generates

10



speech whose style cannot be different from the style of the database, as the idea behind

unit selection synthesis is to reduce as much as possible signal processing on the selected

units.

In conclusion, model-based and unit selection syntheses have both advantages and disad-

vantages, as summarized in table 2.4.

Unit selection synthesis | Model-based synthesis
Development time/cost to create a new voice | Significant Small
Memory resource requirements High Small
Waveform quality High Vocoded speech (buzzy)
Presence of discontinuities Possible Less probable
Management of unseen target contexts Bad Good
Synthesis style Fixed Can be modified

Figure 2.4: Comparison of unit selection and model-based syntheses

The applications of statistical modeling go beyond speech synthesis; they comprise speech

coding, speaker transformation and speaker imposture in speaker verification /identification.

2.3 Linear prediction synthesis

The concept behind linear predictive coding is that a sample of speech is approximately
equal to a linear combination of past speech samples |Boite00, Dines03, Dutoit02, Quatieri01].

This implies that an autoregressive filter,

Ap(2) (21)
P
Ap(z) =1+ Z apz"" (2.2)
k=1

must be calculated so as to minimize the variance of the residual signal, that is, the difference
between the speech samples and the samples predicted by the AR filter. This minimization
is performed by solving the Yule-Walker equations:

,p) (2.3)

N aidali — ) = —duli)  (i=1,...
j=1

where:

e p, the prediction order, corresponds to the number of resonances created by the filter

from 0 to the sampling frequency;

11
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Figure 2.5: Model of the human speech production system, source [Dutoit(2]

-

e a; are the LPC coefficients, the first coefficient being given: ag = 1;

e ¢ (1) is the autocorrelation function of the signal x;

If this system of p linear equations with p unknowns is expressed in matrix form, a Toeplitz
matrix is obtained, which enables the use of the Levinson or Schur algorithm, and therefore

a reduction of the complexity from O(p?) to O(p?).

If the residual signal is applied to the AR filter, the original speech signal is recovered.

This corresponds to a residual excited linear prediction (RELP) synthesis.

The LPC synthesis is actually based on a simplified modeling of the human speech pro-
duction system, where the excitation and the vocal tract are modeled separately. LPC pre-
supposes that the excitation can be categorized in two types: voiced parts are produced by
a periodic train of Dirac pulses that models the periodic glottal opening/closure; unvoiced
parts are generated by a white noise that models the turbulent airflow through the constricted
glottis. The substitution of the residual signal for one of these excitations obviously degrades
the quality of the synthesized speech. The excitation, either the train of pulses or the white
noise, is then applied to a series of filters modeling the vocal tract, that is, successively, the

glottis (G(z)), the oral and nasal cavity (V' (z)), and the lips (R(z)), as represented on Figure

12
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Figure 2.6: Overlapping and windowing of the short term speech signals, source [Dutoit02]

2.5. This series of filters is approximately equivalent to the AR filter defined above:

= ! B c(1—z71
CEVERE = = L A b by ) Y

Ap(2)

Therefore, in the case of voiced speech, the number p of poles of the AR filter includes 2 poles

12

(2.5)

for shaping the glottal waveform, and two poles per formant, that is, approximately, two poles
per kilohertz of bandpass. For instance, a sampling frequency of 16kHz leads to a prediction
order of 18.

The speech signal is not stationary otherwise it wouldn’t carry any information, but the
signal processing techniques used for LPC coding require signal stationarity. Therefore the
speech signal is divided into overlapping frames and the short term signals are assumed to
be stationary. The choice of frame size and frame shift influences the computational cost (a
smaller frame shift leads to a larger number of frames to process) and the accuracy of extracted
features (depending on whether speech segments are stationary or not, it is desirable to use
larger or smaller frame sizes to carry out optimal feature extraction). In this work the frame
size is of 30ms, and the frame shift, of 10ms, as represented on Figure 2.6. It is worth
mentioning that there also exists variable frame rate and frame shift in the case of pitch

synchronous frame analysis, which will be used in chapter 5.

The obtained segments of speech are then pre-emphasized and windowed, as illustrated
in Figure 2.7. Pre-emphasis consists in compensating for the spectral tilt caused by the lips
during speech production, by using a filter which boosts the higher frequencies of the speech

signal:

H(z)=1—az"! (0.95 < a < 0.98, typically) (2.6)

The purpose of windowing is to dampen the effect of the Gibbs Phenomenon [Ifeachor96] so as
to avoid ringing during spectral analysis. Windowing is performed by multiplying the window

coefficients by the speech frame in the time domain. In this work, this work makes use of a

13
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Figure 2.7: Pre-emphasis and windowing of a speech frame, source [Dines03]

Hamming window, defined by:
2
w(n) = 0.54 — 0.46 cos (2") (0<nL) (2.7)

where the length of the analysis window is L samples.

Figure 2.8 summarizes the LPC synthesis: the excitation, either a train of pulses in the
case of voiced frames or a white noise in the case of unvoiced frames, is input to the AR
filter modeling the vocal tract. The parametric modeling then makes it easy to perform
prosodic modifications. The pitch period, being the distance between consecutive impulses of
the periodic train, can be set to any target value, T. To keep the same signal power, the gain,
09, must then be replaced by: o = 00\/%. The length of a frame is modified by adding or
removing frames. Thanks to parametric modeling again, smoothing of spectral discontinuities
at segment joins can be carried out by linear interpolation. Finally, the frames are overlapped

and added to obtain the synthesized speech signal.

P VUV o coefficients
)
P
TH] = —
V 1
\ﬂ @ >  — 5
Uv [ AF(Z)

I o —

Figure 2.8: A LPC synthesizer, source [Dutoit02]

The main drawback of autoregressive models is their poor segmental quality®. Experience

shows that this quality cannot be improved by increasing the model order, the sampling fre-

’Segmental quality refers to the quality of waveform synthesis.
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Figure 2.9: Drawbacks of the autoregressive model, source [Dutoit02]

quency or the refresh rate of the LPC parameters. First, separate modeling of source and filter

can degrade the quality of synthesized speech if source and/or filter components are modi-

fied independently. Then the excitation, which is either voiced or unvoiced, cannot properly

model mixed sounds (like [v]), i.e. sounds that comprise voiced and unvoiced components as

the vocal cords vibrate, but don’t completely close. A mixed excitation, as in hybrid syn-

thesis, could therefore improve the quality. Finally, the nasal sounds (like [m]| or |n]), whose

spectrum includes antiformants around 1000Hz, are badly modeled, because the filter doesn’t

possess any zeros. These last two drawbacks are illustrated on Figure 2.9.

2.4 Time-domain algorithms

The common idea behind time-domain algorithms is that the speech waveform is modified

in the temporal domain without using any parametric model. In other words, prosodic mod-

ifications are performed directly on the speech signal [Boite00, Dines03, Dutoit93, Dutoit02].

Several time-domain synthesis techniques exist, such as Time-Domain Pitch-Synchronous-
Overlap-Add (TD-PSOLA), Multi-Band-Overlap-Add (MBROLA), Linear-Pitch-Synchronous-

Overlap-Add (LP-PSOLA).

TD-PSOLA synthesis was developed by France Telecom in the beginning of the nineties.

Its fundamental concept is that, if z(n) is perfectly periodic from —oo to +o00, it is possible to

get a pitch-shifted version s(n) of z(n) by summing windowed frames s;(n), extracted pitch-

synchronously from the original signal xz(n). The adequate localization of the pitch marks at

the point of glottal closure is essential to implement a PSOLA based synthesis. The pitch

modification is performed by changing the time-shift between successive windowed frames

15
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Figure 2.10: Pitch modification with TD-PSOLA: signals are represented in the left column,
and the corresponding spectra in the right one; the spectral envelopes of the modified signal
(bottom right graph) and of the original one (top right graph) are the same, but don’t share

the same fundamental frequency, source [Dutoit02]

from the original period Tj to the target one 7"

si(n) = xz(n)w(n —iTy) (2.8)
+oo
s(n) = Z si(n —i(T — Tp)) (2.9)

This is represented on the three left graphs of Figure 2.10.

It can be proved that, while having different fundamental frequencies (7 for the original
signal and T for the modified one), the modified signal and the original one share the same
spectral envelope, if the window w(n) is chosen appropriately. From a practical point of view,

we use a Hanning or a triangular window, whose length is twice the pitch period of the signal.

In addition to pitch shifting, duration warping can be performed by removing or repeating
windowed frames and amplitude modification can be carried out by scaling the windowing

function.

Segmental quality of TD-PSOLA synthesis is very good when performed inside a quasi-
stationary segment, if the pitch and/or duration modification is not excessive. Indeed this
quasi-stationary segment approximates the perfectly periodic signal used above. However

segmental quality deteriorates when segments extracted from different words are concatenated:
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Figure 2.11: Phase (left), pitch (centre) and spectral envelope (right) discontinuities in TD-
PSOLA synthesis in the case of the vowel [a| sampled at 16kHz; top graphs represent the last
frames of the first segment to be concatenated, center ones, the first frames of the second

segment, and bottom ones, the result after OLA, source [Dutoit93]

phase, pitch and spectral envelope discontinuities arise, as represented on Figure 2.11. Phase
discontinuities occur when the concatenated frames are not centered on the same relative
positions within the period. Pitch discontinuities are observed when the concatenated frames
have not been pronounced with the same pitch. Spectral envelope discontinuities are due to
coarticulation, whose influence on the right and left segments is different, as they’ve been

extracted from different phonetic contexts.

Alternative time-domain synthesis techniques have been developed to counter these draw-
backs, such as LP-PSOLA and MBROLA. LP-PSOLA consists in the association of TD-
PSOLA and LPC modeling, which enables spectral smoothing in the parametric domain and
offers good database compression thanks to the use of a parametric modeling. The basic idea
behind MBROLA is to resynthesize the voiced segments of the database so as to meet the
three following features: a constant pitch for all the segments, a constant position of the frame
within the period for all the segments and the possibility to carry out spectral interpolation

between concatenated frames easily.

More generally, compared to linear prediction synthesis techniques, time-domain algo-
rithms don’t enable spectral smoothing and permit only limited compression of the stored unit
inventory. However, as no parametric modeling is used, most modeling errors are avoided.
Moreover, reconstruction of the speech from raw speech segments leads to a small computa-

tional cost.
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2.5 Hybrid harmonic/stochastic synthesis

The hybrid harmonic/stochastic models transfer the V/UV decisions from frames to fre-
quency bands or even replace these bipolar decisions by frequency dependent V/UV ratios
[Dutoit93], which enables a better modeling of mixed sounds. This hybrid approach was imple-
mented notably in the Multi-Band-Excited (MBE) model [Griffin87], in the hybrid approach
of Abrantes et al.[Abrantes91], in the Harmonic plus Noise Model [Stylianou96, Stylianou01,
Stylianou98| and in the algorithm of d’Alessandro et al. [d’Alessandro98|. This section ex-
plains the key concepts of the Harmonic plus Noise Model. The HNM analysis and synthesis

processes are detailed in section 4.

The Harmonic plus Noise Model represents the speech signal as being composed of har-
monic parts and stochastic parts, respectively modeled by sums of time-varying harmonics
and modulated noises. Voiced frames comprise a harmonic part and a noise part and unvoiced

frames only consists of a noise part.

Figure 2.12a shows the waveform of a voiced speech segment, sampled at 16000Hz. On
graph (b), which represents its amplitude spectrum, peaks at multiples of a fundamental fre-
quency can be observed from 0 to 5000Hz, and the frequency range from 5000Hz to half the
sampling frequency is dominated by noise. The lower band of the spectrum is the harmonic
part hy(t) and the higher one, the noise part ny (¢); the transition frequency between these
two parts is called the maximum voiced frequency, Fys(t), which is a time-varying parame-
ter. Graphs (c) and (d) respectively represent the waveforms corresponding to the frequency
intervals 0-5000Hz and 5000-8000Hz. Comparing the low-pass and high-pass signals, it can
be observed that noise bursts of the high-pass signal are synchronized with the pitch period.

This important property will influence the modeling of the noise part.

The harmonic part is represented by a sum of harmonics with continuously time-varying

amplitudes and phases:
() =3 an(t)cosn(t) (2.10)

where:

e a;(t) and ¢(t) are the amplitude and phase at time ¢ of the k' harmonic;

e K(t) is the time-varying number of harmonics.

As far as the noise part is concerned, its frequency content is modeled by filtering a white
Gaussian noise u(t) by a time-varying, normalized all-pole filter h(t) and its time-domain

structure (the synchronization of the noise bursts with the pitch period) is represented by
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LPC TD-PSOLA HNM

Segmental quality Average? High High
Modeling of excitation and vocal tract | Separate No modeling at all | Unified
Prosodic modifications Easy Limited Easy
Smoothing of discontinuities at

segment joins Easy Limited Fasy
Bit rate (speech coding) Low High Low
Computation load (complexity) Low Low High

Figure 2.13: Drawbacks and advantages of different speech waveform synthesis techniques

¢ Antiformants and mixed sounds badly modeled

multiplying the filtered noise by a piecewise linear energy envelope function e(t):
nv () = e(t)[A(t) * u(®) (2.11)

The synchronization must be properly performed otherwise two distinct sounds are perceived.

Finally, the voiced speech signal sy (t) is assumed to be the superposition of the harmonic

part and the noise part: sy (t) = hy (t) + ny(t).

Unvoiced segments sy (t) are only composed of a noise part nyy (t), without any specific

time-domain structure:
sny(t) =nnv(t) = h(t) *u(t) (2.12)

The HNM analysis and synthesis are detailed in chapter 4.

Table 2.13 summarizes the characteristics of the three waveform synthesis techniques de-
scribed, namely LPC, TD-PSOLA, and HNM.
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Chapter 3

The Hidden Markov Model-Based
Speech Synthesis System

Synthesis in HT'S comprises two main steps [Dines03, Narayanan04, Tokuda02-1, Yoshimura99,
Yoshimura01]: 1) The training of the HMMSs that model the parameters extracted from the
utterance database, taking into account contextual factors; 2) The construction of the com-
posite HMM corresponding to the text to synthesize, and the estimation of the most likely
parameters, from which the desired text is generated. Training and synthesis are respectively
described in section 3.1 and 3.2. Section 3.3 details the maximum likelihood estimation of

parameters. Details on HMM modeling are provided in the appendix B.

3.1 Training

During the training part, first, the spectrum parameters, the excitation parameters, and
the state-duration densities are extracted from an utterance database. Then, these parameters

are modeled by context-dependent phoneme HMMs, as shown in Figure 3.1.

More precisely, the spectrum parameters are the Mel-cepstral coefficients, plus the delta
and delta-delta coefficients. The excitation parameters are the logarithm of the fundamen-
tal frequency, plus its dynamic features. The spectrum and excitation parameters are the
two streams of the feature vector, represented on Figure 3.2. The state-duration densities

characterize the temporal structure of speech.

The output probabilities of the spectrum parameters are single Gaussian distributions.
As far as the excitation parameters are concerned, i.e. the fundamental frequency plus its

dynamic features, they can be one-dimensional, continuous values in the case of voiced frames,
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and discrete symbols, that is a zero-dimensional observation vector, in the case of unvoiced
frames. This kind of observation sequence is modeled by an HMM-based on a multi-space
probability distribution (MSD-HMM) [Tokuda02-1]. In other words, the MSD-HMM can
model a sequence of observations with variable dimensionality. Concerning the state-duration
probability p,(d), which is the probability of d consecutive observations in state g, it is is
supposed to be Gaussian, and the state durations of each phoneme HMM are modeled by
a multivariate Gaussian distribution. The HMMs used in the system have a left-to-right
structure with no skip. Therefore, the state-duration density of a phoneme HMM has a
dimensionality equal to the number of states included in this phoneme HMM, with the "
dimension of the state-duration density corresponding to the ith state of the HMM. As the
simultaneous training of the HMMs and their state-duration densities requires a very large
storage and computation load, the system HTS estimates the state-duration densities by using

the probabilities obtained in the last iteration of embedded reestimation.

These parameters are influenced by many contextual factors, linked with the considered
language. Contextual factors include co-articulatory effects, phone identity factors, stress-
related factors, locational factors, etc. They are extracted by a text analyzer appropriate
for the language, and the acoustic variations associated with these factors are captured by
using context-dependent HMMs. The modeling of phones according to the context in which
they occur greatly improves synthesis quality. Unfortunately the combinations of contextual
factors increase as a power of the number of factors. This implies two restrictions; 1) the
accurate estimation of the context-dependent HMMs would require a huge amount of training
data; 2) it would take an unrealistic long time to record a database including all combina-

tions of contextual factors. To circumvent these problems HTS applies a clustering algorithm
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[Dines03, Odell95] to the distributions of the spectrum, the fundamental frequency and the
state durations. As the influences of each of these parameters are different, they are clustered
independently, as represented on Figure 3.3. The idea behind clustering is that the acoustic
realizations of a phone occurring in different contexts may be very similar. Thus, models (or
parts of models) can be shared between these contexts. Therefore clustering allows to esti-
mate the model parameters robustly without sacrificing the advantages of context dependent
modeling. There exists two methods of clustering: a data-driven (or bottom-up) approach,

and a tree-based (or top-down) approach.

In the data-driven approach, contexts are initially assumed to be all different, then a
merging process is applied to produce more trainable but less specific models. Therefore
this approach requires examples of each context to produce initial estimates of the model
parameters used during clustering. Moreover accurate estimates require a sufficient number
of examples. This means that the data-driven approach cannot estimate models for contexts
that occur during synthesis but only occur a few times, or don’t occur at all in the training
data.

In the tree-based approach, contexts are initially assumed to be all the same and grouped,
then a splitting process is used to produce more specific and more accurate models. As
opposed to the data-driven approach, the tree-based technique is able to synthesize unseen
contexts by using linguistic knowledge to determine which contexts in the training data are
acoustically similar to the unseen ones. As a consequence, this approach, also called decision
tree clustering, or Classification and Regression Tree (CART) clustering, is the approach used
in HTS.
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The decision tree is a binary tree whose each node is associated with yes/no questions of
the form "Is the model’s context a member of the set X 7" where X may represent any prosodic
(pitch, part-of-speech (POS), stress, duration, phrasing, etc.) or phonetic context. This is
illustrated on Figure 3.4. The tree is constructed automatically, starting from a single root
node representing all contexts, and iteratively splitting the data by using the question that
provides the greatest modeling improvement (determined by a given cost criterion). Usually,
two criteria must be met to create a leaf node: the modeling improvement must exceed a

given threshold and their occupancy must reach a certain level.

3.2 Synthesis

The first step of the synthesis part is the concatenation of the context-dependent HMMs
corresponding to the labels sequence derived from the text to synthesize, i.e. a part of the
first chapter of "Alice’s Adventures in Wonderland", by Lewis Carroll. Secondly, the state
durations of the composite HMM are determined in such a way that their output probabilities
are maximized. According to these durations, the spectrum and excitation parameters are ob-
tained again by maximizing their output probabilities, as detailed in section 3.3. Finally, these
parameters permit the generation of the speech waveform by using an excitation-generation

module and a Mel Log Spectrum Approximation (MLSA) filter, as shown in Figure 3.5.
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3.3 Speech parameter generation from an HMM

As explained above, an observation vector is emitted by each state according to its prob-
ability function. If we consider a continuous density Hidden Markov Model (CDHMM) com-
prising N states, with M mixture components per state and an observation vector O =
[0],05,...,05]", the emission likelihood of the observation o; in the state S; is [Dines03,
Gosselin00]:

NE

plotlg; = S;) = Cimbjm(0t)

3
Il

Il
M=

cimN (04 hjm S jm)

3
Il

If we consider that the observation vector doesn’t include any dynamic features but only
static features, that is o, = ¢, then the observations that maximize p(O|\) are the most likely

emitted observation sequence:

p(O[A) = p(0]Q, M) P(Q[A) (3.1)

where (Q is the state and mixture sequence: Q = (q,4), ¢ = {q1,92,...,q7}, 1 = {i1,92,...,i7}.
If @ is given, maximizing p(O|\) and p(O|@, A) are equivalent:
T
logp(0|Q,A) = log [ ] bg..i, (01)
t=1
1 1 1
o INn—1
= —50-wSH O - -3 ;bg S| = 5TDlog2m  (3.2)
where:

0,/ / / /.
* H= [MQLil’MQLiQ"""un,iT] ’

Y= diag[Eqma Ygayigs -+ EqT,iT]§

T is the length of the observation vector sequence in frames;

e D is the dimensionality of the static feature vectors.

In equation (3.2), logp(O|Q@, \) is maximized if its derivative is equal to zero:
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Figure 3.6: Feature trajectory sequence generated from the HMM for the utterance segment

"... occasionally get the ..." trained from Mel-cepstral features without dynamic statistics,

source [Dines03]

9(logp(0]Q, N))

5 =Y le+nlu=0 (3.3)

This shows that the maximum is obtained when ¢ = pu, that is, in other words, the most
likely emitted observation sequence is the mean vector sequence, independent of the covariance
3.

Figure 3.6 represents the feature trajectory sequence generated from a single-mixture

" and trained from

HMM constructed for the utterance segment "... occasionally get the ...
Mel-cepstral features without dynamic statistics. Feature transitions are sharp, which will
lead to audible discontinuities during synthesis. This problem can be overcome by incorpo-
rating the dynamic features in the observation vectors [Masuko96, Plumpe98, Tokuda95-1,

Tokuda95-2, Tokuda00|.

By incorporating dynamic features, the rate of change of feature vectors over a time
window, W, is taken into account. The feature vectors are now defined by o; = [¢}, Ac}, A2%c})!

where:

L(n)
AMe, = Z w™ (1) ey (n=0,1,2) (3.4)
T7=—L(n)

setting AQ¢, = ¢;, AW, = A¢y and AP ¢, = A2¢,.
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With this new definition of feature vectors equation (3.2) becomes

. 1 37D
logp(01Q,A) = (0= p)S7H(0 —p) — 5 log[] - log 2 (3.5)

2

1 3TD
= (We—p)S{(We—p) — 5 log |%| — = log 2 (3.6)
1 1 D
= ——¢(c)— zlog|X| — 5 log 27 (3.7)
2 2
where:
e 1 and ¥ are defined as in equation (3.2);
o c(c)=(We—p)S (We — p);
o W = [wy,ws,...,wr];
o wi = [wy”, wp”, w?);
o w" = [0nrsats -, Onrars w(n)(=LY) Dnpns oo vw(0)Iagsars
1st (t—L(N))th tth
e ,’LU(?”L)(L(N)> IMXM 7OM><M7 e 70M><M]-
(t+L(N))th Tth
The minimization is performed by taking dlogp(0|Q,\)/dc = 0:
WS W)e-W's"u=0 (3.8)
This equation can also be written as:
Rc=r (3.9)
where:
R = Wy lw (3.10)
ro= Wl (3.11)

If this is solved directly O(T3M?) operations are required. [Tokuda95-1, Tokuda95-2| show
that there exists a fast algorithm to reduce significantly the number of operations required to

determine c.

Figure 3.7 represents the feature trajectory sequence generated from maximum likeli-
hood estimation of feature vectors including delta and delta-delta statistics for the HMM
corresponding to the utterance segment "... occasionally get the ...". Comparison between
Figures 3.6 and 3.7 show that incorporation of dynamic features has greatly reduced spectral

discontinuities.
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Figure 3.7: Feature trajectory sequence generated from the HMM for the utterance segment
"... occasionally get the ..." trained from Mel-cepstral features including dynamic statistics,

source [Dines03]
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Chapter 4
A Harmonic plus Noise Model

The HNM algorithm comprises the HNM analysis and the HNM synthesis [Stylianou96,
Stylianou01]. During the HNM analysis the HNM parameters of every acoustic unit of the
recorded database are calculated and the original database is replaced by another database
consisting of the calculated HNM parameters. The HNM synthesis consists in finding in
the database the parameters corresponding to the text to synthesize, in possibly performing

prosodic modifications and in synthesizing the speech waveform.

4.1 HNM analysis: estimation of the HNM parameters from

the utterance database

The HNM analysis consists of the estimation of the parameters of the harmonic and noise
part. The first parameter to be estimated is the fundamental frequency. This is followed by
the voiced /unvoiced decision. In the case of voiced segments, the maximum voiced frequency
can then be determined. Note that the accuracy of these three estimations greatly influences
the quality of the synthetic speech generated by HNM synthesis. The remaining parameters
are estimated pitch-synchronously, so the analysis time instants are defined. The amplitudes
and phases of the harmonics are then calculated. Finally the parameters of the noise part are

computed.

From a practical point of view, Festival provides a program "pitchmark" which uses elec-
troglottograph (EGQ) signal to derive pitch-marks, i.e. the locations of the short-time en-
ergy peak of each pitch pulse, which correspond to the glottal closure instants, as repre-
sented on Figure 4.1. The pitch-marks given for unvoiced frames are of fixed duration. The
voiced /unvoiced decision is also provided by Festival. Examples of values issued by Festival

are given below:
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Figure 4.1: Pitch-marks of a speech waveform

Figure 4.2: Cumulative amplitude, source |Stylianou96|

2.446312 1
2.454625 1
2.464062 1

In the case of voiced frames (value "1’ in the second column), the fundamental frequency fo

is (2.454625 — 2.446312) ! = 120.2935Hz for the first frame, and (2.464062 — 2.454625) ! =

105.9659Hz for the second one.
The maximum voiced frequency, Fy, is estimated every 10ms using the following algo-

rithm, first applied to the frequency range [f—QO, %]

e Search in the frequency range for the largest amplitude, A,,, of frequency f;
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e Calculate the cumulative sum, A,,., of the amplitudes of all the samples situated be-

tween the minima surrounding the peak of frequency f., as represented on Figure 4.2;

e Search in the frequency range for the other peaks, of frequencies f;, and determine
A (fi) and Apc(f;) for each peak;

e Calculate the mean of the cumulative sums, denoted by A,..(f;);, and determine the

number, L, of the harmonic nearest to f;

o If imcgfi > 2 or Ap(fe) —max{An(f;)} > 13dB then, if % < 20%, the frequency
melJi 0

fc is labelled ’voiced’; otherwise it is labelled 'unvoiced’.

This algorithm is then applied to the frequency range [%, 550

|. The process is repeated

throughout the spectrum of the frame.

Generally the separation between the voiced and the unvoiced parts of the spectrum is not
precise. To circumvent this problem, a vector consisting of binary values is constructed, with
the frequencies labeled "voiced" and "unvoiced" respectively represented by the values "1"
and "0". This vector is then filtered by a three-point median smoothing filter, which enables
the separation of the two parts. The maximum voiced frequency corresponds to the last "1"
in the vector. Figure 4.3(a) illustrates the detection of voiced frequencies (marked by stars)
in an amplitude spectrum; Figure 4.3(c) shows the estimated maximum voiced frequency for

the speech waveform represented on Figure 4.3(b).

While the maximum voiced frequency has been estimated every 10ms, other parameters
are estimated pitch-synchronously. So they require the definition of the analysis time instants,
t! . For the voiced segments of speech, the instants are pitch-synchronous: t5H1 =% + Ty (¢),
with Tp(t}) the pitch period at instant *; for the unvoiced segments, the instants are separated
by 10ms.

The next parameter to estimate is the complex amplitude of the harmonics. This estima-
tion is based on the hypothesis that the amplitude of the harmonics, the pitch period and the

maximum voiced frequency are constant around the analysis time instant ¢%:
ak(t) = ax(t;)
To(t) = To(te)
Fu(t) = Fu(ty)
for small [t — t1].

Based on these stationary conditions, the instantaneous phase of k' harmonic ¢(t) in

the neighborhood of ! can be written as:
O (t) = dr(ty) + k2m fo(t) (t — t5) (4.1)
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Figure 4.3: (a) Estimation of the maximum voiced frequency for a voiced frame (b) A voiced

speech segment (c) Estimation of the maximum voiced frequency for the speech segment

represented on (b), source [Stylianou96]
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Then the harmonic part can be developed as:

L
ﬁ(t): Z Ak(tf’l)ej%rkfo(té)(t—té) (4.2)
k=—L

where L = Fys(t})/fo(t}) is the number of harmonics and Ag(t%) is the complex amplitude
of the kth.

The complex amplitudes are evaluated so as to minimize the following weighted least

squares criterion
ti+N

e= 3 w)(s(t) - h(t))? (4.3)
where:

e s(t) is the original signal;
e A(t) is the harmonic part defined in equation (4.2);

e w(t) is a weighting function (typically a Hamming window), used to give more weight

in the least squares process to the data around ¢};

e N is the integer closest to local pitch period Ty(t%).

Equation (4.3) shows that the harmonics are estimated on frames centered around the analysis

instant #/ and of length equal to M = 2N + 1, called analysis frames.

This minimization is performed by using matrix notation. The harmonic part becomes

simply
h = Bz (4.4)
where:
e B is a matrix defined by
eI (=L)2m fo(tl,—N) e (=L+1)2m fo(th,—N) . ed(HL)2mfo(ty—N)
eI (=L)2mfo(th,—N+1)  gi(—=L+1)2nfo(ti—N+1)  gj(+L)2mfo(ti—N+1)
eI (=L)2m fo(th,+N) eI (=L+1)2m fo(th,+N) . ed(FL)2mfo(t—N)

e ., the vector of unknown parameters, is defined by

A_p
A1

Ap
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The solution of this least-squares problem is finally obtained thanks to the normal equa-

tions [Lawson74|
(BTWIWB)z = BTWTWs

where:

(4.5)

e IV is a diagonal matrix whose elements constitute the weighting window, defined by

w(—N) 0 .0
0 w(-N+1) ... 0
0 0 ;MN)

e s, the original signal, is defined by

The equation (4.5) can also be written as:
Rx =10

where:

e The matrix R is defined by R = BTWTW B and its element Tik by

ti+N
Z w2(t)6j27r(ifo1)f0t7j27r(k7L71)f0t

t=t, —N

Tik =
ti+N

— Z w2(t)ej27r(i7k)fot

t=ti —N

e The vector b is given by b = BTWTWs and its element by, by

ti+N
by = Z w?(t)s(t)eI¥rk=L=1)fot
t=ti —N

(i=1,....2L+1;k=1,...,2L+1)
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Figure 4.4: The time-domain envelope used for the time-behavior of the noise part. The ¢
and ¢! represent two successive analysis time-instants. Typical values for [; and Iy are:
Il = 0.15(t5H — 1) and Iy = 0.85(¢iT! — ¢1), source [Stylianou96]

R is a Toeplitz matrix, that is a matrix only defined by its first column, as

ti+N
TFitphip = Z w? (t) el 2 ((ktp)=(itp) fot (4.10)
t=ti —N
ti+N
= ) wi(p)elr kil (4.11)
t=ti—N
= Tik (4.12)

Therefore, the equation (4.6) can be solved by fast algorithms like the algorithms of Levinson

or Schur.

The last parameters to estimate are the parameters of the noise part for voiced and
unvoiced frames. As explained above, an all-pole filter h(t) of order 18 is used to model the
spectral density function of the speech signal. It is estimated by a linear prediction analysis
(cf. equation (2.3)) based on the correlation function of the whole analysis frame in the case
of voiced frames, and of segments of 20ms of signal in the case of unvoiced frames. Note
that, before prediction analysis, frames are pre-emphasized and windowed, as described in
chapter 2.3. The filter is used to filter white Gaussian noise. If the frame to synthesize is
voiced, the filtered noise is finally multiplied by an energy-envelope function e(t), which is
defined as a triangular-like time-domain envelope, as illustrated in Figure 4.4. This envelope

doesn’t require the estimation of any other parameter.

In short, the HNM parameters to extract from each analysis frame are listed in table 4.5.
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For the voiced frames: For the unvoiced frames:

The pitch and the maximum voiced frequency
The linear prediction coefficients and o The linear prediction coefficients and o

The amplitudes and the phases of the harmonics

“the standard deviation of the prediction error

Figure 4.5: Summary of HNM parameters

4.2 HNM synthesis: speech synthesis from the HNM parame-

ters

In HNM synthesis, the harmonic and the noise parts are synthesized separately. Note that
the HNM parameters involved in the synthesis process are supposed to be pitch-synchronous.
This section describes the synthesis of the harmonic part, of the noise part, and finally of the

resulting speech signal. The synthesis process is summarized on Figure 4.6.

" Unvoiced
- frame:
Gaussian AR rames
‘White Noise — Filter
u() h@ Energy-envelope Voiced
Function > Z frames
e()
A
A
Sum of harmonics with OLA
continuously time-varying amplitudes and phases Svn thAeqis
I o o
Speech

Figure 4.6: HNM synthesis

The synthesis of the harmonic part is performed based on the harmonic amplitudes ay,
the harmonic phases ¢ and the pitch frequency fy of the adequate frame. The harmonic part

il(t) of the i*" frame is generated according to the equation:

~

(t2)
h(t) = S an(t) - cos(on(t) + k2mfo(t)t) (4.13)
k=1

where:

e t =0,1,..., N, where N is the length of the synthesis frame, that is, also, the integer

closest to the pitch period at instant % (expressed in terms of samples);

38



e ti are the synthesis instants, which are pitch-synchronous and equal to the analysis

instants when no prosodic modification is performed: ¢} = ¢! Vi;

e L(t!) is the number of harmonics of the i*" frame.

The synthesis of the noise part starts from a unit-variance white Gaussian noise whose
length is twice the local pitch period. This noise is then filtered by the all-pole filter whose de-
nominator is defined by the linear prediction coefficients and whose numerator is the standard
deviation of the prediction error, o. The noise signal obtained at this point of the synthesis
has the same variance as the original signal. Finally, and only in the case of the noise part of
voiced frames, the filtered noise is multiplied by the energy-envelope function shown in Figure
4.4.

The synthesized speech signal is computing by overlapping and adding voiced and unvoiced
frames. Unvoiced frames consist simply of the noise part, while voiced frames are obtained
by adding the noise part and the harmonic part after having filtered the noise signal by a

high-pass filter of cut-off frequency equal to the maximum voiced frequency, Fjy.
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Chapter 5

Integration of the Harmonic plus
Noise Model into the Hidden Markov

Model-Based Speech Synthesis System

Speech Speech
database * database *
Spectral & exctation HRM
parameters parameters
Labels |—~[ Training of HMM ] Labels H Training of HMM ]
Context Context
Text to synthesize dependent e Text o synthesize dependent
HMM<= HMMs
Pararneters generation Pararneters generation
fromn HMM from HMM
Spectral & exctation HMM
parareters parameters

Synthesized Synthesized
MLEA filter speech HMNM synthesis speech

Figure 5.1: TTS in the HTS system (left scheme) and in this work (right scheme).

The general objective of this thesis is to perform a Hidden Markov Model-based speech
synthesis using a Harmonic plus Noise Model of speech. This speech synthesis system would
have the advantages of model-based speech synthesis techniques, described in section 2.2.2,
and would overcome the main drawback of the baseline HMM-based speech synthesis system,
i.e. HTS, that is the fact that the synthesized speech sounds artificial and metallic. Indeed

this disadvantage is due to the source filter modeling approach, and the objective of this thesis
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is to replace this approach by the HNM synthesis, which sounds much more natural.

More precisely, this implies the following modifications of the HTS system: the substitution
of the Mel-cepstral and pitch analysis for the HNM analysis, and of the MLSA synthesis for
the HNM synthesis. Figure 5.1 illustrates the differences between the TTS systems used in
HTS (left scheme) and in this work (right one).

This chapter describes the text-to-speech system used to integrate HNM and HMM synthe-
ses, represented on Figure 5.2. Like HTS, this system includes a training part and a synthesis
part, described in section 5.1 and 5.2. Several syntheses have been carried out, making dif-
ferent design choices, which are explained during training description. The qualities of the

resultant syntheses are described after the synthesis description.

5.1 Training

Speeach Parameters extraction
database (SPTK)

HMM
parameters

Training of HMM Training part
{HTK) T

Caontext
Text to synthesize dependent
HMM s

Synthesis part

Targets : *

: - Phonernes Pararneters generation
o e A o R
- Duration [HTS)

HMM
parameters

; Synthesized
HMM synthesis speEeh

Figure 5.2: T'TS synthesis with HNM parameters and HMMs

Training is based on a labeled database of utterances, i.e. the CMU ARCTIC database
spoken by a Scottish English male speaker [Festvox|, from which HNM parameters are ex-
tracted, either with the HNM analysis module [Van Dromme05] or with SPTK [SPTK]. Sev-

eral design choices are made at this level:

e Frame size and shift

HNM parameters have been extracted at a constant rate of 5ms using SPTK and pitch-

42



synchronously using the HNM analyss module. Note that the pitch-synchronous ex-
traction has been followed by a resampling at the rate of 5ms, as it is required to train

HMMs. This has resulted in two different syntheses, which are compared in section 5.2;
e Type of features

— The fundamental frequency, and the voicing decision, extracted with Festival, as

explained in section 4.1;

— The maximum voiced frequency, extracted with the HNM analysis module, has
been handled in two ways: in the simplified case, it has been assumed to be equal
to 0 or half the sampling frequency (binary excitation), like in HTS; in a more
precise modeling the value calculated during the HNM analysis has been included

in the feature vector used for training;

— The linear prediction coefficients and the standard deviation of the prediction error,
o, extracted with either SPTK or the HNM analysis module. In HTS, the spectrum
was modeled by Mel-cepstral coefficients, which are widely used in speech recog-
nition/synthesis for their ability to mimic the auditory mechanisms in humans,
that is the non-linear perception of pitch. Linear prediction coefficients have been
used in this work to derive the harmonic amplitudes, as explained in section 5.2.
In practice, linear prediction coefficients, a(n), are extracted from the utterance
database, they are converted to linear predictive cepstral coefficients, ¢(n), which

present interpolative properties according to:

In(o) if n =0;
c(n) = § —a(n) — 321 Ee(k)a(n — k) if1<n<P; (5.1)
— ZZ;}Z_P %c(k)a(n — k) if n > P.

where P is the order of linear prediction coefficients;

Finally, they are possibly resampled.

e Dynamic features are used, as they are known for increasing the synthesis quality

[Dines03].

e Order of spectral feature analysis

The orders of linear prediction and linear predictive cepstral coefficients are respectively
18 and 24.

Once the parameters have been extracted, training of HMMs is performed with the Hidden
Markov Model ToolKit (HTK) [Young02|, which is a software that provides a set of library
modules and tools for building and manipulating HMMs.

Before HMM training, some other design choices must be made, namely:
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e The structure of the observation vectors, which can be split into .S independent data
streams oy, possibly weighted by a stream weight vector, ~:
The vector comprises one stream of length 75 for the linear predictive cepstral coefficients
and the delta and delta-delta coefficients, three streams of length 1 for the fundamental
frequency and its dynamic features, and, in the case of the synthesis including the
modeling of the maximum voiced frequency, three more streams of length 1 for the

maximum voiced frequency and its dynamic features.

e The topology of HMMs, that is, essentially, the number of states (typically, three) and
the number of mixture components per emitting state and per stream (in the case of
CDHMM): HMMs consist of 7 states, whose first and last one are non-emitting states.
For every state, every stream, except the stream of the LPCC coefficients, is modeled

by a mixture of Gaussians having 2 components.
e The type of output distribution

— The pitch is modeled by a multi-space probability distribution HMM (MSD-HMM),

as explained in section 3.1 and in [Tokuda(2-1].

— The maximum voiced frequency may be also modeled by a MSD-HMM system, as
the maximum voiced frequency takes its value among one-dimensional continuous
values in the case of voiced frames, and it is not defined in the case of unvoiced
frames. Instead of the maximum voiced frequency, we could have modeled the
number of harmonics. The maximum voiced frequency is preferred because the
number of harmonics is correlated with the pitch value, while the maximum voiced
frequency and the pitch value may be assumed independent.

As the distributions representing the pitch and the maximum voiced frequency

have the same properties, these two parameters are both modeled by MSD-HMM.

— The harmonic amplitudes, the linear prediction coefficients and o can have a
grouped modeling. Indeed, given the LPC coefficients and o, the LPC envelope can
be constructed and the harmonic amplitudes can be calculated by sampling this
envelope at all the multiples of the pitch inferior to the maximum voiced frequency.
This is described with more details in section 5.2. The LPC coefficients and o are
modeled by a multi-Gaussian distribution (GMM).

Introduction of streams slightly modifies the definition of the probability of observation
o; being emitted by state j, given in appendix B, which becomes, if GMM have been chosen

as output distribution:

S Mjs Vs

bj(ot) = H Z stmN(Ost§ Hjsm, Ejsm) (52)

s=1 | m=1
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where:

M;, is the number of mixture components in state j for stream s;

h

Cjsm 18 the weight of the m'" component;

o N(.;p,X) is a multivariate Gaussian with mean vector p and covariance matrix 3;

vs is the weight of stream s, whose default value is one.

The HMM definition whose feature vector includes the maximum voiced frequency is given
below in the HTK format :

~o <VecSize> 81 <USER> <MSDINFO> 7 0 1 1 11 1 1 — Ohbservation vectors consisting of 81 elements, split into 7 streams, which are
all modeled by multi-space probability distribution (’1’) except the first one (’0")

<StreamInfo> 7 7561 1111 1 — 7 distinct streams, the first comprising 75 components, and all the other ones,
1 component
<BeginHMM>
<NumStates> 7 — 7 states, the first and last being non-emitting states
<State> 2
<Stream> 1 — Stream 1 includes the LPCC coefficients, the delta and delta-delta coefficients
<Mean> 75

0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
<Variance> 75
1.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
1.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
t1.010101.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
<Stream> 2 — Stream 2 consists of the logarithm of the fundamental frequency (log fp)
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5
<Mean> 0
<Variance> 0
<Stream> 3 — Alog fo
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5
<Mean> 0
<Variance> 0
<Stream> 4 — A2 log fo
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5
<Mean> 0
<Variance> 0
<Stream> 5 — Stream 5 consists of the logarithm of the maximum voiced frequency (log Fjp)
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5
<Mean> 0
<Variance> 0
<Stream> 6 — Alog Fpy
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
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<Mixture> 2 0.5
<Mean> 0
<Variance> 0

<Stream> 7 — A2 log F'pg

<NumMixes> 2

<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0

<Mixture> 2 0.5
<Mean> 0
<Variance> 0

<State> 7
<Stream> 1
<Mean> 75
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
<Variance> 75
1.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
1.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
1.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0
<Stream> 2
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5
<Mean> 0
<Variance> 0

<Stream> 7
<NumMixes> 2
<Mixture> 1 0.5
<Mean> 1 0.0
<Variance> 1 1.0
<Mixture> 2 0.5

<Mean> 0
<Variance> 0
<TransP> 7 — Definition of the transition matrix
0.000e+0 1.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0
0.000e+0 6.000e-1 4.000e-1 0.000e+0 0.000e+0 0.000e+0 0.000e+0
0.000e+0 0.000e+0 6.000e-1 4.000e-1 0.000e+0 0.000e+0 0.000e+0
0.000e+0 0.000e+0 0.000e+0 6.000e-1 4.000e-1 0.000e+0 0.000e+0
0.000e+0 0.000e+0 0.000e+0 0.000e+0 6.000e-1 4.000e-1 0.000e+0
0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0 6.000e-1 4.000e-1
0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0
<EndHMM>

The parameters of the phone HMMs must then be initialized from the utterance database
they are intended to model. The initialization can be achieved in two different ways. If the
location of the phone boundaries is known for some utterances, these utterances are used as
bootstrap data and the initialization is performed with the HTK tools HInit. When no labeled
training data is available, a flat start is performed by the tool HCompV. So, in comparison
with HInit, HCompV has the advantage of not requiring any information concerning the phone
boundaries, but on the other hand it performs a far less precise initialization of the model

parameters.

If bootstrap data are available, every phone HMM is initialized individually, by using all
the segments of speech corresponding to the phone HMM that is being initialized. Initializa-
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Figure 5.3: HInit operation, source [Young(2]

tion is performed in several cycles. On the first cycle, HInit realizes a uniform segmentation of
the training data, which associates successive speech segments with successive HMM states.
Computation of means and variances is then possible. On the second and successive cycles,
uniform segmentation is replaced by Viterbi alignment. HMM parameters are then estimated,
as in the first cycle. Mathematical details of the Viterbi algorithm are given in appendix B.
The whole estimation process is reiterated until convergence of the log likelihood of the train-

ing data, computed after each Viterbi alignment. This is summarized on Figure 5.3.

In the case of a flat start training, the global mean and variance of the speech training data
is assigned to every Gaussian distribution in every phone HMM, as represented on Figure 5.4.
It is important to note that the first cycle of embedded re-estimation will be carried out by

uniformly segmenting each training utterance.

Once the HMM parameters have been initialized, they are refined using Baum-Welch
re-estimation, which has been implemented in the tool HRest. Phone HMMs are trained
individually, by using the forward-backward algorithm to find the probability of being in each
state at each time frame and by computing then weighted averages for the HMM parameters,
as depicted on Figure 5.5. The mathematical description of forward-backward and Baum-

Welch algorithms is provided in appendix B.

The next step consists in creating context-dependent triphone HMMs from the set of
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Figure 5.5: HRest operation, source [Young02]

trained monophone HMMs. This involves the tool HERest to perform embedded training.
HERest uses continuously spoken utterances as training data to run a single Baum-Welch
re-estimation of the whole set of phone HMMs. More precisely, HERest starts by loading all
the HMM definitions. HERest needs a transcription, that is a list of the phones for every
utterance of the database. Note that phone boundary information is not required. Therefore
this list of phones can be automatically generated from the orthographic transcription of the
utterances, by using a pronunciation dictionary. For every utterance, HERest constructs a
composite HMM by concatenating the phone HMMs listed in the utterance transcription,
and the forward-backward algorithm is used to accumulate the statistics of state occupation,
means, variances, etc. Once all the training utterances have been processed, the accumulated
statistics are used to compute re-estimates of the parameters of all of the phone HMMs. The
Baum-Welch algorithm is recalled in appendix B Training of phone HMMs is summarized on

Figure 5.6.

The training part ends with the tree-based clustering of the distributions of spectrum and

48



Labelled Utterances Transcriptions

th ih s th s p iy t sh

shtiyszihsihth

HCompV

Rest ]
HHEd

|

Sub-Word
HMMs

Figure 5.6: Training phone HMMs, source [Young(2]

fundamental frequency, using the HTK tool HHed, enriched with functionalities provided by
the HTS toolkit, the re-estimation of the parameters of the modified set of context-dependent

models, using HERest, and the clustering of the distribution of state durations.

5.2 Synthesis

As in section 3.2, synthesis starts with the concatenation of the context-dependent HMMs
corresponding to the labels sequence provided by Festival, given the text to synthesize. The
state durations of the composite HMM are then determined, and using these durations, the

HNM parameters are obtained by maximum likelihood estimation, as explained in section 3.3.

Several operations must then be performed on these parameters to meet the requirements
of the HNM synthesis module:

1. HTS provides parameters computed every 5ms, while the HNM synthesis programme
requires pitch-synchronous parameters. So the parameters must be resampled according

to the pitch contour.

2. Linear predictive cepstral coefficients, ¢(n), must be converted back to linear prediction
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coefficients, a(n), according to:

o =exp{c(0)} (5.3)
n—1

a(n) = —c(n) = Y _ %c(k)a(n — k) 1<n<P (5.4)
k=1

where P is the order of linear prediction coefficients.

. The harmonic amplitudes are computed from the linear prediction coefficients and o.
Indeed a spectral envelope can be calculated from the linear prediction coefficients and

the harmonic amplitudes are the values of this envelope at the multiples of the pitch.

For more precise explanations, we must go back to the original derivations of the linear
prediction coefficients. As explained in section 2.3, a linear prediction analysis of order
p applied to a fragment of speech, y, provides its linear prediction coefficients, A;, and
the standard deviation of the prediction error, o. These parameters permit to define
an all-pole filter, whose numerator is ¢ and whose denominator is a polynomial whose
coefficients are the linear prediction coefficients:

g

h(z) = =——
(Z) ZPZO Aiz_’

(5.5)

where the first coefficient is given and equal to 1: Ag = 1.

The basic idea behind linear prediction analysis is that the power spectral density of
the Gaussian white noise filtered by the all-pole filter defined by equation 5.5 is a least
squares approximation of the power spectral density of the original signal, y. These two

power spectral densities are drawn on Figure 5.7.
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The power spectral density of a signal consisting of N samples, x(n), is estimated by

computing its periodogram defined by:

XN ()P (5.6
where:

e Xn(¢) is the discrete time Fourier transform (DTFT) of x(n);

° = 277%, with f representing the frequency, and fs, the sampling frequency.

As the DTFT of a sinusoid comprising N samples and whose amplitude is A has a
maximum of NT'A, the k** harmonic amplitude of the signal y can be computed from its

linear prediction coefficients by:

2 o
ap = NETE (k=1,...,K) (5.7)
\/NZLO Age T

where:

o fy is the fundamental frequency of the speech segment;

e K is the number of harmonics.

4. For the HNM synthesis the harmonic phases are assumed to be equal to zero. This
supposition has been made after having carried out an HNM analysis on several speech
samples, replaced the harmonic phase values obtained with the analysis by zero, and
performed an HNM synthesis, based on the assumption of zero phase. Comparing
the quality of the original and synthesized speech waveforms, this assumption can be

considered as being reasonable.

Once these operations are performed, speech waveform can be synthesized using the HNM

synthesis module.

As explained previously, three different syntheses have been carried out:

e In the first synthesis, the HNM parameters are extracted from the utterance database
every bms. The extracted parameters include the linear prediction coefficients and the
fundamental frequency. The extraction is followed by the conversion from LPC coef-
ficients to LPCC coefficients. Then the LPCC coefficients, the fundamental frequency
and their dynamic features are input to the HTS system, which performs the training
of the context-dependent models and outputs the HMM parameters generated by max-
imum likelihood estimation. The HMM parameters, i.e. the LPCC coefficients and the
fundamental frequency, are then used to compute pitch-synchronous HNM parameters

(as explained above) from which the HNM synthesis can be carried out.
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e In the second synthesis, the same parameters are extracted pitch-synchronously using
the HNM analysis module. Therefore the conversion from LPC to LPCC coefficients s
followed by a resampling, as HTS requires parameters computed every 5ms. The rest

of the synthesis process is carried out like in the first case.

e In the third synthesis, the extraction is also pitch-synchronous but, besides the LPC
coefficients and the fundamental frequency, the HNM analysis outputs the maximum
voiced frequency. This is followed by the conversion from LPC to LPCC coefficients,
the resampling, the training of context-dependent models and the generation of HMM
parameters, which comprise the LPCC coefficients, the fundamental frequency and the

maximum voiced frequency. They are converted to pitch-synchronous HNM parameters

and the HNM synthesis is carried out.
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Figure 5.8: Waveform and spectrogram of the sentence "I must be getting somewhere near

the center of the earth." synthesized with the first approach

Figures 5.8, 5.9, 5.10 show the speech waveforms and spectrograms obtained by synthesiz-
ing the sentence "I must be getting somewhere near the center of the earth." with the three
approaches. It seems that a slightly better segmental quality is obtained in the third case.
Future work would consist of performing listening tests, such as mean opinion score (MOS)

test.
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Figure 5.9: Waveform and spectrogram of the sentence "I must be getting somewhere near

n

the center of the earth." synthesized with the second approach
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Figure 5.10: Waveform and spectrogram of the sentence "I must be getting somewhere near

n

the center of the earth." synthesized with the third approach
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Chapter 6

Conclusions and future work

6.1 Conclusion

The objective of this thesis was the integration of the Harmonic plus Noise Model (HNM)
into the Hidden Markov Model-based speech synthesis system (HTS), in order to improve the

speech waveform quality provided by the HTS system. This integration has been successful.

The text-to-speech system developed in this thesis has the advantages of the HTS system
that is, essentially, the possibility to synthesize a new voice in a relatively small time, by using
a relatively small amount of training data, and it overcomes its main drawback, i.e. the fairly
average quality of the synthesized speech waveform, by substituting the source filter modeling
approach for the Harmonic plus Noise Model. The possibility of creating a new voice with
reduced development time and cost is a real advantage over the state-of-the-art synthesis
technique, i.e. unit selection synthesis. Moreover, as opposed to unit selection techniques,
model-based approaches permit to synthesize unseen target contexts thanks to tree-based
clustering methods and allow easy modifications of the voice characteristics. The interest of
using the HNM model as a parametric modeling of speech results from its advantages over
other techniques. The HNM model represents speech as being composed of harmonic parts
and noise parts. This decomposition leads to a higher quality of speech waveform than with
a linear prediction approach, as it ensures the simultaneous conservation of low and high
frequency energies. Moreover the HNM model represents the excitation and the vocal tract

in a unified framework, as opposed to LPC.

The integration of the HNM model into the HTS system starts by extracting the HNM
parameters from the training database. Like in HTS, this is followed by the training of context-
dependent HMMs, the concatenation of HMMs and the estimation of the most likely HMM

parameters. The final step consists in converting HMM parameters into HNM parameters
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and in synthesizing speech waveform, using the HNM synthesis. The HNM parameters used
for synthesis have been computed making an assumption of zero phase, which seems to be

reasonable.

The TTS system has been implemented in three different ways: 1) The HMM parameters
include the LPCC coefficients and the fundamental frequency and they’re extracted at a fixed
rate; 2) The same parameters are extracted pitch-synchronously; 3) The HMM parameters
include the LPCC coefficients, the fundamental frequency, and the maximum voiced frequency
and they’re extracted pitch-synchronously. In conclusion, a slightly better speech waveform

quality seems to be obtained in the third case.

6.2 Future work

As explained in the preceding section, an assumption of zero phase has been made for the
modeling of the harmonic phases. However, other approaches [Achan03, Chazan00, Shao03]
could be investigated. There also remain avenues of research concerning the parametrization
of the harmonic amplitudes, which have been derived from the linear prediction coefficients
in this work. I hope that these open questions will constitute a starting point towards an

improved speech waveform quality in the framework of model-based synthesis.
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Appendix A

Open source software tools used in

this work

A list of open source software tools used in this work:

e HTK Ver 3.3 A set of tools for building and manipulating Hidden Markov Models
provided by the Cambridge University Engineering Department (by permission of Mi-
crosoft). The tools enable isolated and embedded training of model parameters, decision

tree clustering and Viterbi decoding.

e HTS Ver 1.1.1 A HMM-based speech synthesis system developed by the Nagoya In-
stitute of Technology.

e Festival Speech Synthesis System Ver 2.0 A set of tools for building speech synthe-
sis systems provided by the University of Edinburgh and Carneggie Mellon University
including a full TTS system.

e SPTK Ver 3.0 Speech signal processing toolkit from Nagoya Institute of Technology.

e Wavesurfer Ver 1.8.5 Tool for waveform visualization and manipulation developed
by the Centre for Speech Technology at KTH in Stockholm, Sweden.

o7



o8



Appendix B

Mathematical formulation of Hidden
Markov Models

This chapter is devoted to the mathematical description of Continuous Density Hidden
Markov Model (CDHMM). In the following developments the Hidden Markov Models are

assumed to comprise N states. These HMMs are expected to describe a sequence of n-

dimensional observation vectors, O = [01,02,...,07], 0; representing the observation vector

at time t.

A Hidden Markov Model is described by three sets of parameters, A = (A, B, 7):

1. Transition matrix A, whose (4, )" element, a;j, is the probability of transitioning from

state S; to state S, defined by

aij = P(gi+1 = Sjlgr = Si) (1<i<ml<j<n) (B.1)

2. Matrix B = {b;(0o)} contains the set of observation likelihoods, each representing the

probability of an observation o; being generated from a state .S;; if the observation

vectors are modeled with a Gaussian Mixture Model (GMM), observation likelihoods

are defined by
M

bj(Ot) = Z ijN(Ot;,Ujmy ij) (BQ)

m=1

where:
e (; represents the state occupied at time t;
e M is the number of mixture components;

h

® Cjm, is the weight of the mt*" mixture component of the jt* state;

99



e N(.;u,Y) is a multi-variate Gaussian with mean vector, g and covariance matrix,

32, defined by
1

N (083 s Sjm) = — e ™ 3 (O Hm) " (0 —1m)

(2m)" X jm]

3. Vector m = {m; = P(q1 = S;|\)}, whose i'" element is the probability of the model

initially being in state g;.

There are three basic problems concerning Hidden Markov Models [Dines03, Gosselin00,

Rabiner89|:

1. The estimation of the likelihood of an observation sequence given a model.

2. The determination of the best sequence of model states given a sequence of observations

and the parameters of a model.

3. The estimation of the model parameters that best model the observed data, also called

the training of the model.

The algorithms used to solve these problems are detailed in the three following sections.

B.1 Computation of the likelihood of an observation sequence

given a model

The likelihood of the observation sequence O is obtained by summing, for every state

sequence @, allowed by the model A, the joint likelihoods of the observation and the state

sequences, given the model, that is

PO = > p0,Q\)
all Q
= > p(0lQ,)P(QN)
all Q

As the observations are supposed to be independent,

T

p(0lQ, %) = []p(ora N

t=1
= bg,(01) - bgy(02) - .. by (07)
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and the probability of the state sequence, @ = [q1,¢2,...,qr],1 < ¢ < N, is given by

PQ|N) = Tq10q192Qq2q3 - - - Aqpr_1q7 (B.6)

Then taking equations (B.5) and (B.6) into account equation (B.4) becomes

p(O’)\) = Z Tqy bQ1 (Ol)aqmz bQ2 (02) o Qgp_q1qr qu (OT) (B-7)

q1,92,---,dT

In practice, this calculation is infeasible (of order 27.NT) even for small numbers of
observations, T, and of states, N. Nevertheless it is possible to compute p(O|\) recursively
by the Forward-Backward algorithm. The forward and backward variables are respectively
defined by equations (B.8) and (B.9) and calculated using equations (B.10) and (B.11).

a;(t) = p(or, ..., 01, q = Si|A) (B.8)
Bi(t) = p(oss1,-..,0rlq = Si, A) (B.9)
Forward recursion:
1. Initialization
Oéi(l) = ﬂ'ibi(ol) (1 § /) § N) (B.lOa)
2. Recursion
N
aj(t+1)= [Z ai(t)aij] bj(or41) (1<t<T-1;1<j<N) (B.10b)
=1
3. Termination
N
p(OIN) = au(T) (B.10c)
i=1

Similarly, for the backward recursion:

1. Initialization
B(T)=1  (1<i<N) (B.11a)

2. Recursion

N
Bi(t) = aigbi(op1)B5(t + 1) (1<t<T—-1;1<j<N) (B.11b)
j=1
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3. Termination

N
p(OIN) =) mibi(01)B;(1) (B.11c)
i=1

The likelihood of the observation sequence O is finally obtained by combining equations
(B.10) and (B.11):

p(O,qr = Si| ) = a;(t)Bi(t) (B.12)
N

p(O[N) = Zai(t)ﬁi(t) (1<t<T) (B.13)
i1

B.2 Estimation of the optimal state sequence

The algorithm used to determine the optimal state sequence is similar to the forward
procedure. While the latter computes the likelihood of the observation sequence along all the
possible paths, the former only calculates the likelihood along the best path, that is the state

sequence maximizing the likelihood of the observation sequence:

p(OIN) = ??ﬁaé 7q1bg, (01)0q145045 (02) - - - Agr_ 147 bgr (07) (B.14)

The algorithm uses two variables:

e 0;(i): the maximum likelihood score along a single path among all the paths ending in
state S; at time ¢, defined by

5t(l) = max p(ql,qg,...,qt :Si,01,02,...,OT|/\) (B15)
q1,92;,---,qt—1

e 14(7): the state with the highest likelihood at time ¢, defined by

lpt(l) = argmax p(Qlu q2,---,4qt = Si7 01,02, ..., OT’)\) (B16)
q1,42;---,qt—1

and is described by the following equations:

1. Initialization:

Y1(i) = So (B.17b)

where state Sy is the non-emitting entry node
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2. Recursion:

0r+1(7) = max [0:(d)aij] bj(0e+1) (2<t<T;1<j<N) (B.17¢)

YPi11(j) = argmax [04(7)ai;) (2<t<T;1<j<N) (B.17d)
1<i<N

(B.17e)

3. Termination:

P = lréliz%)zcvéT(z) (B.17f)
gp = arg maxdr (i) (B.17g)
1<i<N

4. Path backtracking: the best sequence of states is given by Q* = {qf, ..., ¢} }, where

4 = Pi+1(gi41) t=T-1T-2,...,1) (B.17h)

B.3 Training

This third problem consists in finding the model parameters A = (A, B, 7) that maximize
the likelihood of the observation vector O, defined by p(O|A). There is no analytical solution
to find the global maximum of the likelihood but there exists an iterative process which leads
to a local maximum. The model parameters can be estimated by two techniques, based either
on the Viterbi algorithm or the Baum-Welch algorithm, and described in the two following

sections.

B.3.1 Viterbi estimation

The Viterbi estimation technique is an iterative approach. If there is no initial parameter
estimates, the algorithm starts by uniformly segmenting the training data, that is by dividing
up the training segments equally amongst the model’s N states'. The segmented data is then
used to estimate the parameters of each state’s output distribution, b;(.). A second segmen-
tation is performed by using the Viterbi algorithm and the the parameters are re-estimated.
The last two steps of segmentation and re-estimation are repeated until convergence. The

Viterbi estimation technique is described by equations (B.18):

1. Initialisation

91,5 qryn = 51 [qryns -+ Geryny = S2l, - [ v—1TyN s - - - ANT/N = SN]

'Other approaches exist for HMMs whose topology is not left-right.

63



2. Parameter estimation

0 i Yim(tor

im Zthl o (B.18a)
T : Ot — Hjm)\Ot — Hjim T

ijm _ D i1 %m(tgtT_l wl;m (t))( fjm) (B.18b)

o = > i1 Yim(t) (B.18¢)

25:1 Zf\il wjl(t)

where:

e /i and 3 are estimates of the model parameters @ and X;

® 1y is 1 if o is associated with the mixture component m of state j of the model

A and zero otherwise.

3. Viterbi segmentation

b41(7) = [m;ctx 5t(i)am} ~bj(or+1) (a<t<T-1) (B.18d)
4. Termination
c o o
max 0r(i) — max 0r(i) <7 (B.18e)

where 7 is some predetermined convergence value.

The transition probabilities are calculated from the Viterbi segmentation of the final iter-
ation of the algorithm:
N
> k=1 Aik

where A;; is the total number of transitions from state ¢ to state j.

(B.19)

aij =

B.3.2 Baum-Welch Estimation

The Viterbi estimation technique makes use of the variable v to define which state each
training vector is associated with. However there are no hard boundaries between phones in
real speech. In this context, the Baum-Welch estimation technique is considered to be better
than the Viterbi technique because it takes a soft decision, by replacing the variable ¢ by
a variable L which represents the probability of an observation vector being associated with
any Gaussian mixture component. The Baum-Welch technique has other advantages over the
Viterbi techniques: the estimation of the model parameters is more robust as the parameters

of each state are estimated using all of the available training data; moreover, in opposition
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to the Viterbi technique, the Baum-Welch technique enables the embedded training of model

parameters, described in section 5.1.

Before applying the Baum-Welch algorithm, the model parameters must be initialized. As
described in section 5.1, these initial estimates can be computed in two ways. If bootstrap
data is available, the estimation is performed in two steps: 1) The training data is uniformly
segmented and the model parameters are computed; 2) The training data is segmented again,
but using the Viterbi algorithm, and the model parameters are re-estimated; these last two
steps are repeated until convergence. The other approach for initialization consists of a flat
start training, in which case the global mean and variance of the speech training data is

assigned to every Gaussian distribution in every phone HMM.

The Baum-Welch algorithm makes use of two variables, p;;(t) and v;(t), whose definition

uses the forward and backward likelihoods:

pij(t) = plar = Si, g1 = 55|10, A)
_ plg = Sisge+1 = S5, 0[N)
p(O[X)
_ oi(t)aizbi(t)B;(t + 1) o
Zﬁ:l Zr]yzl O‘m<t)amnbm(t),3n(t + 1) ( ’ )

N
’yi(t) = pr(t) (B.Ql)
J=1

and the parameters of the new model A = (A,B,fr) are computed by using the following
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equations:

7ty = E{q1 = i|\}

= (1)
fij = E{q = Z',Qt+.1 = jlO, \}
E{gq =4O, \}
_ Zlepij(t)
> e ()

fijm = E{otlqe = j, ke = m}
ST g = g, ke = m|O, Noy
~ ST pla = G ke = m[O, )

> ie1 Ljm(t)

>

L Lim () (01 — ptjm) (01 — prjm) "

" >t Lijm(t)
b — > Lim (1)
M La(t)B(t)

where:

1
Ljm(t) = pailt = Dajcmbjm(00)5;(t)

P =p(O|})

N
= a(t)

i=1
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