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SUMMARY

This thesis describes a novel approach to text-to-speech synthesis (TTS) based on hidden
Markov model (HMM). There have been several attempts proposed to utilize HMM for
constructing TTS systems. Most of such systems are based on waveform concatenation
techniques. In the proposed approach, on the contrary, speech parameter sequences are
generated from HMM directly based on maximum likelihood criterion. By considering
relationship between static and dynamic parameters, smooth spectral sequences are
generated according to the statistics of static and dynamic parameters modeled by
HMMs. As a result, natural sounding speech can be synthesized. Subjective experimental
results demonstrate the effectiveness of the use of dynamic features. Relationship
between model complexity and synthesized speech quality is also investigated. To
synthesize speech, fundamental frequency (FO) patterns are also required to be modeled
and generated. The conventional discrete or continuous HMMs, however, cannot be
applied for modeling FO patterns since observation sequences of FO patterns are
composed of one-dimensional continuous values and discrete symbol which represents
“unvoiced.” To overcome this problem, the HMM is extended to be able to model a
sequence of observation vectors with variable dimensionality including zero-
dimensional observations, i.e., discrete symbols. It is shown that by using this extended
HMM, referred to as the multi-space probability distribution HMM (MSDHMM),
spectral parameter sequences and FO patterns can be modeled and generated in a unified
framework of HMM. Since speech parameter sequences are generated directly from
HMMs, it is possible to covert voice characteristics of synthetic speech to a given target
speaker by applying speaker adaptation techniques proposed in speech recognition area.
In this thesis, the MAP-VFS algorithm, which is combination of a maximum a posteriori
(MAP) estimation and a vector field smoothing (VFS) technique, is applied to the HMM-
based TTS system. Results of ABX listening tests averaged for four target speakers (two
males and two females) show that speech samples synthesized from adapted models were
judged to be closer to target speakers’ models than initial speaker independent models
by 88% using only one adaptation sentences from each target speaker. Since it has been
shown that the HMM-based speech synthesis system have an ability to synthesize speech
with arbitrarily given text and speaker’s voice characteristics, the HMM-based TTS

system can be considered to be applicable to imposture against speaker verification



systems. From this point of view, security of speaker verification systems against
synthetic speech is investigated. Experimental results show that false acceptance rates
for synthetic speech reached over 63% by training the HMM-based TTS system using
only one training sentence for each customer of the speaker verification system. Finally,
a speaker independent HMM-based phonetic vocoder is investigated. In the encoder of
the HMM-based phonetic vocoder, speech recognition is performed, and resultant
phoneme sequence and state durations are transmitted to the decoder. Transfer vectors,
which represents mismatch between spectra of input speech and HMMs, are also
obtained and transmitted. In the decoder, phoneme HMMs are adapted to the input
speech using transfer vectors, then speech is synthesized according to the decoded
phoneme sequence and state durations. Experimental results show that the performance
of the proposed vocoder at about 340 bit/s is comparable to a multi-stage VQ based

vocoder at about 2200 bit/s without FO and gain quantization for both coders.
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1.1 General Background

Since speech is obviously one of the most important ways for human to communicate,
there have been a great number of efforts to incorporate speech into human-computer
communication environments. As computers become more functional and prevalent,
demands for technologies in speech processing area, such as speech recognition, dialogue
processing, speech understanding, natural language processing, and speech synthesis, is
increasing to establish high-quality human-computer communication with voice. These
technologies will also be applicable to human-to-human communication with spoken
language translation systems, eyes-free hands-free communication, or control for
handicapped persons, and so on. Text-to-speech synthesis (TTS), one of the key
technologies in speech processing, is a technique for creating speech signal from
arbitrarily given text to transmit information from a machine to a person by voice. To
fully transmit information contained in speech signals, text-to-speech synthesis systems
are required to have an ability to generate natural sounding speech with arbitrary
speaker’s voice characteristics and various speaking styles. In the past decades, TTS
systems based on speech unit selection and waveform concatenation techniques, such as
TD-PSOLA, CHATR, or NEXTGEN, have been proposed and shown to be able to

generate natural sounding speech, and is coming widely and successfully used with the

increasing availability of large speech databases. However, it is not easy to make these
systems have the ability of synthesizing speech with various voice characteristics and
speaking styles. One of reasons comes from the fact that concatenative approaches,
which are also referred to as corpus-based approaches, generally requires a large amount
of speech data to generate natural sounding speech, and therefore it is impractical to
prepare and store a large amount of speech data of arbitrary speakers and speaking styles.
For constructing such corpus-based TTS systems automatically, the use of hidden
Markov models (HMMs) has arisen largely. HMMs have successfully been applied to
modeling sequences of speech spectra in speech recognition systems, and the
performance of HMM-based speech recognition systems have been improved by
techniques which utilize the flexibility of HMMs: context dependent modeling, dynamic

feature parameters, mixtures of Gaussian densities, tying mechanism, speaker and
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environment adaptation techniques. HMM-based approaches in speech synthesis area

can be categorized as follows:

1. Transcription and segmentation of speech database.

2. Construction of inventory of speech segments.

3. Run-time selection of multiple instances of speech segments.

4. Speech synthesis from HMMs themselves.

Since most of these approaches are based on waveform concatenation techniques, it can
be said that advantages of HMMs described above are not fully exploited by TTS
systems. For example, to obtain various voice characteristics, one way is to construct
large amounts of speech database. However, it is difficult to collect, segment, and store
these data. Another way is to convert speaker individuality of synthetic speech by adding
some voice conversion technique after the synthesis stage of TTS systems without using
speaker adaptation techniques for HMMs, though voice conversion techniques are
similar to the speaker adaptation techniques in that speech parameters of a speaker (or

averaged parameters of speakers in training data) are converted to another speaker.

1.2 Scope of Thesis

The main objective of this thesis is to develop a novel TTS system in which speech
parameters are generated from HMMs themselves. If speech is synthesized from HMMs
directly, it will be feasible to synthesize speech with various voice characteristics by
applying speaker adaptation techniques developed in HMM-based speech recognition
area. In addition, it is expected that the speech synthesis technique is applicable to speech
enhancement, speech coding, voice conversion, and so on. From this point of view, first,
an HMM-based TTS system is developed in which spectral parameter sequences are
generated from HMMs directly based on maximum likelihood criterion. By considering
relationship between static and dynamic parameters during parameter generation, smooth

spectral sequences are generated according to the statistics of static and dynamic

12



parameters modeled by HMMs, resulting in natural sounding speech without clicks
which sometimes occur at the concatenation points in synthetic speech of TTS systems
based on waveform concatenation techniques. To synthesize speech, fundamental
frequency (FO) patterns are also required to be modeled and generated. Unfortunately,
the conventional discrete or continuous HMMs, however, cannot be applied to modeling
FO patterns, since values of FO are not defined in the unvoiced regions, that is, observation
sequences of FO patterns are composed of one-dimensional continuous values and
discrete symbols which represent “unvoiced.” To overcome this problem, the HMM is
extended to be able to model a sequence of observation vectors with variable
dimensionality including zero-dimensional observations, i.e., discrete symbols. By using
this extended HMM, referred to as the multi-space probability distribution HMM (MSD-
HMM), spectral parameter sequences and FO patterns are modeled and generated in a
unified framework of HMM. Then, a voice characteristics conversion technique for the
HMM-based TTS system is described. This thesis adopts the MAP-VFS algorithm, one
of successful speaker adaptation techniques, and shows that speech with arbitrarily given
speaker’s voice characteristics can be synthesized using the HMM-based TTS system

with speaker adaptation.

For speaker verification systems, security against imposture is one of the most important
problems. Since it can be shown that the HMM-based TTS system have an ability to
synthesize speech with arbitrarily given speaker’s voice characteristics, the HMM-based
TTS system can be considered to be applicable to imposture against speaker verification
systems. From this point of view, security of speaker verification systems against
synthetic speech is investigated, and several experimental results are reported. Finally, a
very low bit rate speech coding technique based on HMM is described. HMM-based
speech synthesis can be considered as the reverse procedure of HMM-based speech
recognition. Thus, by combining the HMM-based speech recognition system and the
HMM-based TTS system, an HMM-based very low bit rate speech coder is constructed,
in which only phoneme indexes and state durations are transmitted as spectral

information. To reproduce speaker individuality of input speech, a technique to adapt
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HMMs used in the TTS system to input speech is developed, since speaker individuality

of coded speech only depends on the HMMs used in the TTS system.
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CHAPTER: 2

The hidden Markov models
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2.1 The hidden Markov models overview.

The hidden Markov model (HMM) is one of statistical time series models widely used
in various fields. Especially, speech recognition systems to recognize time series
sequences of speech parameters as digit, character, word, or sentence can achieve success
by using several refined algorithms of the HMM. Furthermore, text-to-speech synthesis
systems to generate speech from input text information has also made substantial
progress by using the excellent framework of the HMM. In this chapter, we briefly
describe the basic theory of the HMM.

A hidden Markov model (HMM) is a finite state machine which generates a sequence of
discrete time observations. At each time unit, the HMM changes states at Markov process
in accordance with a state transition probability, and then generates observational data o

in accordance with an output probability distribution of the current state.

An N-state HMM is defined by the state transition probability A = {aij}N i,j=1, the output
probability distribution B = {bi(0)}N i=1, and initial state probability IT= {ni}N i=1. For

notational simplicity,

we denote the model parameters of the HMM as follow:
A= (A, B, II).

The below figure shows examples of typical HMM structure,
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Figure 1.1: Examples of HMM structure.

shows a 3-state ergodic model, in which each state of the model can be reached from
every other state of the model in a single transition, and shows a 3-state left-to-right
model[1], in which the state index simply increases or stays depending on time
increment. The left-to-right models are often used as speech units to model speech

parameter sequences since they can appropriately model signals whose properties

successively change.

The output probability distribution bi(o) of the observational data o of state i can be
discrete or continuous depending on the observations. In continuous distribution HMM
(CD-HMM) for the continuous observational data, the output probability distribution is

usually modeled by a mixture of multivariate Gaussian distributions as follows:

M
bi(0) = > Wim N(05 i, Lim)
m=1

where M is the number of mixture components for the distribution, and wim, #im and Zim
are a weight, a L-dimensional mean vector, and a L x L covariance matrix of mixture

component m of state i, respectively. A Gaussian distribution N (0; gim, Zim) of each

component is defined by
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Figure 1.2: Output distributions.

where L is the dimensionality of the observation data 0. Mixture weights win satisfy the

following stochastic constraint,
M

D Wi =1, 1<i<N

m=1

Wiy = 0 1<i<N, 1<m<M

so that bi(o) are properly normalized as probability density function, i.e.,
fbi(o)dOZI? 1<7<N.

When the observation of vector O is divided into S stochastic-independent data streams, i.e., O

=[0"y, O, ... OT], bi(0) is formulated by product of Gaussian mixture densities,
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b;(0) = H bis(0,)

1

M,

u}ismN(os; Hisms Eism)}
1

m=

where Ms is the number of components in stream s, and Wism, uism and Zism are a weight,
a L-dimensional mean vector, and a LxL covariance matrix of mixture component m of

state i in stream s.
2.1.1 Probability Evaluation

When a state sequence of length T is determined as q = (g1, 92, ..., g1), the observation
probability of an observation sequence O = (01, 0, ..., 07) of length T, given the HMM A
can be simply calculated by multiplying the output probabilities for each state, that is,

P(Ol|g,7) = HP(OJ%/\) = H by (04).

t=1 t=1

The probability of such a a state sequence g can be calculated by multiplying the state

transition probabilities,
T
P(q|/\) = Ha% 149t
=1

where aqoi = 7 is the initial state probability. Using Bayes’ theorem, the joint probability

of O and g can be simply written as
P(0,q|X) = P(Olq,A)P(q|A).
Hence, the probability of the observation sequence O given the HMM A is calculated by

using marginalization of state sequences q[3], that is, by summing P (O, ¢]4) over all

possible state sequences q,
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P(OIN) =) " P(O,q|A) =) _ P(Olq,N)P(q|))

all g all g
T
= E Haq:_1aq:bch(0t)-
all g t=1

for v t € [1, T]. Therefore, we can efficiently calculate the probability of the observation

sequence using forward and backward probabilities defined as

(i) = P(01,09,...,04,q = 1| A),

ﬁt(?) = P(Dt+110t+2;---rOT|Qt = i;)‘)-

The forward and/or backward probabilities can be recursively calculated as follows:

1. Initialization
Q‘](E) :?Tt'bi(ol), ]_ <’1,<N
Br(i) =1 1<i<N.

2. Recursion

1<i<N,

N
41(1) = li at(j)ajz'] bi(0411),
o t=2,...,T
6 =S aghounfnG), SISV
t — ig Vi V41 i1 )
p t=T-1,...,1.
Thus, the P(0|4) is given by

N
P(OA) = ) cu(i)Bu(3)
i=1

for Ve [1,7]

2.2 Optimal State Sequence

A single best state sequence g* = (g*1, g*2, ..., g*1) for a given observation sequence O =

(01, 02, ..., o7) is also useful for various applications. For instance, most speech

20



recognition systems use the joint probability of the observation sequence and the most

likely state sequence P (O, g*|A) to approximate the real probability P(O|A)

P(O[X) =} P(O,q))

all g
~max P(O, q|)).
q

The best state sequence g* = argmaxq P (O, gA) can be obtained by a manner like the
Dynamic Programming (DP) procedure, which is often referred to as the Viterbi
algorithm. Let 6t(i) be the probability of the most likely state sequence ending in state i
at time t

6‘5(?) = max P(oli‘“:otrqli"‘)qt—lyqt:il/\)ﬂ

91,9259t —1

The best state sequence g* = argmaxq P(0O,q|A) can be obtained by a manner similar to
the Dynamic Programming (DP) procedure, which is often referred to as the Viterbi
algorithm. Let 6(i) be the probability of the most likely state sequence ending in state i

attime t

6f(?’) = max P(Ol,---,Ut,(;fl,---,q-g_l,(,?'g:ilf\),

q1:92,--Gt—1

and v (i) be the array to keep track. Using these variables, the Viterbi algorithm can be

written as follows:
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1. Initialization

51(?,) = W@bﬁ(ﬂl), 1 S ] S N,
P1(i) = 0, 1<i<N.
2. Recursion
. . 1<i<N
B(j) = max [B(i)as] o, e
1<i<N
) = 0 (4 ij] 1 -7
Pe(5) arglina«X[ o(4)aij] i—o

3. Termination
P(O,g*|\) = max [6p(3)] ,

gr = argmax|[ér(1)].

i

4. Path backtracking

qgk = P41 (Q:+1 ) .

2.3 Parameter Estimation

There 1s no known way to analytically solve the model parameter set which satisfies a

certain optimization criterion such as maximum likelihood (ML) criterion as follows:

A* = argmax P(O|))
A

- P(O, g|\).
arg{\naxz (0,q/))

all ¢

Since this problem is an optimization problem from incomplete data including the hidden
variable g, it is difficult to determine A* which globally maximizes likelihood P(OA) for

a given observation sequence O in a closed form.

However, a model parameter set A which locally maximizes P(O[)A) can be obtained using

an iterative procedure such as the expectation-maximization (EM) algorithm which
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conducts optimization of the complete dataset. This optimization algorithm is often

referred to as the Baum-Welch algorithm.

In the following, the EM algorithm for the CD-HMM using a single Gaussian distribution
are described[8][3]. The EM algorithm for the HMM with discrete output distributions

or Gaussian mixture distributions can also be derived straightforwardly.
2.3.1 Auxiliary Function Q

In the EM algorithm, an auxiliary function Q(A ,A) of current parameter set A and new

parameter set A is defined as follows:

QX,\) = P(qlO,X)log P(O,q|)).

all ¢

At each iteration of the procedure, current parameter set A is replaced by new parameter
set A which maximizes Q(A,A). This iterative procedure can be proved to increase
likelihood P(OJL) monotonically and converge to a certain critical point, since it can be

proved that the Q-function satisfies the following theorems:

Theorem 1

Q(X,A) = QWX, X) = P(O[A) = P(O|X)

Theorem 2

The auxiliary function Q(A,A) has a unique global maximum as a function of A, and this

maximum is the one and only critical point.
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Theorem 3

A parameter set A is a critical point of the likelihood P(OA) if and only if it is a critical
point of the Q-function

2.3.2 Maximization of Q-Function

Using above logarithm of likelihood function of P(O,q|A) can be written as

T T
log P(O,q|}) = Zlogaq:_lqz + Z log N (04; pq,, X4r),
t=1 t=1

where @4, denotes m,,. The Q-function (Eq. (1.34)) can be written as

N

QN,N) =) P(O,q =i|N)logm
i=1
N N T-1

+ ZZZ P(O,q: = i,q:y1 = j|N)logas;

i=1 j=1 t=1

N T
+) ) P(O,q = i|]A\) log N'(04; py,, Sq)-

i=1 t=I

=M (3))

T-1
th(?’rj)
a;j = t'=']

71
Zf}’t(ﬁ)
;f‘
> i) - o

iT T
Z’Yt(i)

Tt:l
Z’Yt(é) (0r — p;) (0 — M)T

= =
Z’YL@)

1

1

?

where yi(i) and &t (i,)) are the state occupancy probability of being state i at time t, and

the probability of being state i at time t and state j at time t + 1, respectively,
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Y(i) = P(O,q. = i|A)
_ (1) B, (4)

Zat(j)ﬁt(j)

&6, 7) = P(O, ¢ = i, G = J|A)
&t(’-’:)ﬂijbj(ﬂtJrl)ﬁtJrl(j)

¥

D ) )b (0141) Bria(n)

=1 n=1
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Chapter 3

HMM-Based Speech Synthesis
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This chapter describes an HMM-based text-to-speech synthesis (TTS) system. In the
HMM-based speech synthesis, the speech parameters of a speech unit such as the
spectrum, fundamental frequency (F0), and phoneme duration are statistically modeled
and generated by using HMMs based on maximum likelihood criterion. In this chapter,
we briefly describe the basic structure and the algorithms of the HMM-based TTS

system.

3.1 Parameter Generation Algorithm

3.1.1 Formulation of the Problem

First, we describe an algorithm to directly generate optimal speech parameters from the
HMM in the maximum likelihood sense. Given a HMM A using continuous distributions
and length T of a parameter sequence to be generated, the problem for generating the
speech parameters from the HMM is to obtain a speech parameter vector sequence O

=(01, 02,... 0T) which maximizes P(OJA,T) with respect to O,

O™ = argmax P(O|\,T)
o

= argmax P(O,q|\,T).
g Y P(O,q|\T)

all g

Since there is no known method to analytically obtain the speech parameter sequence
which maximizes P(OJA,T) in a closed form, this problem is approximated by using the
most likely state sequence in the same manner as the Viterbi algorithm, i.e.,

O* = argmax P(O|\,T)
o

= argmax Z P(O, q|\,T)
O g

~ argmax max P(O,q|A, T).
O U

Using Bayes’ theorem, the joint probability of O and q can be simply written as
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O™ ~ argmaxmax P(O,q|\, T)
o q

= argmaxmax P(O|q, A, T)P(q|\, T).
0 q

Hence, the optimization problem of the probability of the observation sequence O given

the HMM A and the length T is divided into the following two optimization problems:

q" = argmax P(q|)\,T)
q

O™ = argmax P(O|q",\,T).
o

If the parameter vector at frame t is determined independently of preceding and
succeeding frames, the speech parameter sequence O which maximizes P(O|q*,A,T) is
obtained as a sequence of mean vectors of the given optimum state sequence g*. This will
cause discontinuity in the generated spectral sequence at transitions of states, resulting
in clicks in synthesized speech which degrade quality of synthesized speech. To avoid
this, it is assumed that the speech parameter vector ot consists of the M-dimensional static
feature vector ¢t =[ ci(1), ci(2),....c(M)]" (e.g., cepstral coefficients) and the M-

dimensional dynamic feature vectors Ac:, A% (e.g., delta and delta-delta cepstral
coefficients), i.e., ot = [cT, AcTy, A2 ¢y ] T and that the dynamic feature vectors are

determined by linear combination of the static feature

vectors of several frames around the current frame. By setting AQc; = ¢;, A®c; = ¢; and

APc = ¢y, the general form At is defined as
L

AMe, = wt(ﬂct 0<n<2,
‘r:—L(n)
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3.1.2 Solution for the Optimization Problem O*

First, we describe a solution for the optimization problem O+ given the optimum state

sequence q*. The speech parameter vector sequence O is rewritten in a vector form as O

=[0"3, 0™, ..., 0'7] T, that is, O is a super-vector made from all the parameter vectors. In

the same way, C is rewritten as C = [c1, ¢y, ..., cr] T, Then, O can be expressed by C

as O = WC where

W = [w1,w2,. . ,wT]T
w, = [w”, w, w?)]

(n) _
m; _[OMXM)"‘JOMXM?
1st

W (L) I, -, 0O Dnpea, - (L) I,

(t—L™)th t-th (t+L5V)-th
0 Onrxn]’ n=01,2
MxM;- - VYMxM] — Y 1, a
T-th

and Omxmand I mxm are the M <M zero matrix and the M <M identity matrix, respectively.
It is assumed that ¢t = Om (t<1, T <t) whereOM denotes the M-dimensional zero vector.

Using the variable, the probability P(O|qg*,A,T) is written as

PO|q*,\,T) = P(WC|q*,\,T)

Lo (—%(Wc—ufz-'(wc —m)

N

*

where u = [uTq", 17", ... 1"qr ] Tand U = [UT1", UTg2", ... UTqr"] T UTgrand u Tq~and
are the mean vector and the diagonal covariance matrix of the state g of the optimum

state sequence g*. Thus, by setting

OPOl' AT) _,
a9C — UTMx1;

the following equations are obtained,

RC =7,
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where TMxTM matrix R and TM-dimensional vector r are as follows:

R=W'U'W,
r=W'U 'u.

By solving the equations a speech parameter sequence C which maximizes P(O|q*, A,T)
is obtained. By utilizing the special structure of R, can be solved by the Cholesky

decomposition or the QR decomposition efficiently.
3.1.3 Solution for the Optimization Problem g*

Next, we describe a solution for the optimization problem g* given the model parameter
A and the length T. The P(g/A,T) is calculated as

T

P(QM:T) = Ha'(_k—l(ﬂ.

t=1

where aqoq1 = mqz. If the value of P(g|A,T) for every possible sequence g can be obtained,
we can solve the optimization problem[34][21]. However, it is impractical because there
are too many combinations of g. Furthermore, if state duration is controlled only by self-
transition probability, state duration probability density associated with state i becomes

the following geometrical distribution:
pi(d) = (a:)" (1 — ax),

where pi(d) represents probability of d consecutive observations in state i, and aj is self-
transition probability associated with sate i. This exponential state duration probability

density is inappropriate for controlling state
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Figure: Duration synthesis

and/or phoneme duration. To control temporal structure appropriately, HMMs should
have explicit state duration distributions. The state duration distributions can be modeled
by parametric probability density functions (pdfs) such as the Gaussian pdfs or Gamma
pdfs or Poisson pdfs. Assume that the HMM A is left-to-right model with no skip, then
the probability of the state sequence q = (q, 02, ..., q7) is characterized only by explicit
state duration distributions. Let pk(dk) be the probability of being dk frames at state k,
then the probability of the state sequence g can be written as

P(q[A,T) = Hpk(dk)

k=1

where K is the total number of states visited during T frames, and

K
D dy, =T.
k=1

When the state duration probability density is modeled by a single Gaussian pdf,
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1
Pe(di) = — ©XP (—

T,

(dy, — mk)g) ,

D)
20},

dp =my +p-0op, 1<k <K,

where mx and ok are the mean and variance of the duration distribution of state Kk,
respectively, it is possible to control speaking rate via p instead of the total frame length
T. When p is set to zero, speaking rate becomes average rate, and when p is set to negative
or positive value, speaking rate becomes faster or slower, respectively. It is noted that
state durations are not made equally shorter or longer because variability of a state

duration depends on the variance of the state duration density[6].
3.2 Examples of Parameter Generation

This section shows several examples of speech parameter sequences generated from
HMMs.

HMMs were trained using speech data uttered by a male speaker MHT from ATR
Japanese speech database. Speech signals were down sampled from 20kHz to 10kHz and
windowed by a 25.6ms Blackman window with 5ms shift, and then mel-cepstral
coefficients are obtained by a mel-cepstral analysis technique. The feature vector consists
of 16 mel-cepstral coefficients including zeroth coefficient and their delta and delta-delta

coefficients. Delta and delta-delta coefficients are calculated as follows:

Acy = (€1 — ¢1),

A%, = ~(Aciyt — Acyy)

(Crig — 2¢¢ + € 9).

W | = b = bS] =
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Figure: An example of speech parameter sequences generated
from a smgle-mixture HMM.

densities were calculated using histograms of state duration obtained by a state-level

forced Viterbi alignment of training data to the transcriptions using HMMs trained by

the EM algorithm.
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Figure: Examples of speech spectral generated from a single-mixture HMM.

3.2.1 Effect of Dynamic Features

The above figure shows an example of generated parameter sequences from a single
mixture HMM, which was constructed by concatenating phoneme HMMs sil, a, i, and
sil. HMMs were trained using phonetically balanced 503 sentences. The number of
frames was set to T = 80, and the weighting factor for the score on state duration was set
to Wy —oo, that is, state durations were determined only by state duration densities, and
the sub-optimal state sequence search was not performed. In the figure, horizontal axis
represents the frame number and vertical axes represent the values of zeroth, first, and
second order mel-cepstral parameters, and their delta and delta-delta parameters. Dashed
lines indicate means of output distributions, gray areas indicate the region within
standard deviations, and solid lines indicate trajectories of generated parameter
sequences[45][12].

The above figure shows sequences of generated spectra for the same conditions, Without
dynamic features, the parameter sequence which maximize P(O|q,A,T) becomes a
sequence of mean vectors. As a result, discontinuities occur in the generated spectral

sequence at transitions of states.
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3.3. FO MODELLING

Voiced Unvoiced

Q, =R/
Ny(x)

Log Frequency

Time

Figure: FO pattern modeling on two spaces.

By incorporating dynamic features, generated parameters reflect statistical information
(means and variances) of static and dynamic features modeled by HMMs. For example,
at the first and last states of phoneme HMMs, since the variances of static and dynamic
features are relatively large, generated parameters vary appropriately according to the
values of parameters of the preceding and following frames. Meanwhile, at the central
states of HMMs, since the variances of static and dynamic features are small and the
means of dynamic features are close to zero, generated parameters are close to means of

static features.

To synthesize speech, it is necessary to model and generate fundamental frequency (FO)
patterns as well as spectral sequences[1]. However, the FO patterns cannot be modeled
by conventional discrete or continuous HMMs, because the values of FO are not defined
in unvoiced regions, i.e., the observation sequence of an FO pattern is composed of one-

dimensional continuous values and a discrete symbol which represents “unvoiced”.

Assuming that there are a single one-dimensional space Q1 and a single zero-dimensional
space Q> in sample space Q of FO patterns[32]. It is considered that observations of FO

in voiced regions is drawn from Q1 observations in unvoiced regions is drawn from Q;
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3.4 Multi-Space Probability Distribution

Consider a sample space €, which consists of G spaces:

G
=,
g=1

where (), is an n,-dimensional real space R", specified by space index g.
While each space has its own dimensionality, some of them may have the
same dimensionality.

Each space €, has its probability w,, i.e., P(£,) = w,, where Zle Wy =
1. If n, > 0, each space has a probability distribution function N,(x),
x € R, where [ N,(xz)de = 1. If n, = 0, Q, is assumed to contain only
one sample point, and P(f2) is defined to be P(£2) = 1.

Each event F, which will be considered here, is represented by a random
vector o which consists of a set of space indices X and a continuous random
variable x € R", that is,

o= (X, x),

where all spaces specified by X are n dimensional. On the other hand, X does not
necessarily include all indices which specify n-dimensional spaces[4]. It is noted that not
only the observation vector x but also the space index set X is a random variable, which
is determined by an observation device (or feature extractor) at each observation. The
observation probability of o is defined by

where

36



Sample Space Q

i S 5
".I?: :f Space pdf of = Observation
Q =R}
RIAN o, =({1.2G}, )
Ni(=) z, € R’
Qz - R‘j_/’“\
2
N,(z) 0,=({L.G}.2,)
x, € R®
Q=R
3/ \
N
. 0y= ({3}, )
b T, € R
G
Ng(m)

Figure: Multi-space probability distribution and observations.

It is noted that, although Ng(x) does not exist for ng= 0 since Qg contains only one sample

point, for simplicity of notation, Ng(x) = 1 is defined for ng = 0.

Some examples of observations, an observation o1 consists of a set of space of indices
X1={1, 2, G} and a three-dimensional vector x1 € R®. Thus, the random variable x is
drawn from one of three spaces Qi, Q. Qc € R3 and its pdf is given by
w1N1(X)+w2N2(x)+ WeNe (X). The probability distribution defined above, which will be
referred to as multi-space probability distribution (MSD), is the same as the discrete
distribution when ng = 0[7][10]. Furthermore, if ng = m>0 and S(0) = {1, 2, ..., G}, the
multi-space probability distribution is represented by a G-mixture pdf. Thus, the multi-
space probability distribution is more general than either discrete or continuous

distributions.

The following example shows that the multi-space probability distribution conforms to

statistical phenomena in the real world:
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A man is fishing in a pond. There are red fishes, blue fishes, and tortoises in the pond. In
addition, some junk articles are in the pond. When he catches a fish, he is interested in
the kind of the fish and its size, for example, the length and height. When he catches a
tortoise, it is sufficient to measure the diameter if the tortoise is assumed to have a circular

shape. Furthermore, when he catches a junk article, he takes no interest in its size

Observation sequence

@,’...

In this case, the sample space consists of four spaces:

Qi: Two-dimensional space corresponding to lengths and heights of red fishes.
Q,: Two-dimensional space corresponding to lengths and heights of blue fishes.
Q3: One-dimensional space corresponding to diameters of tortoises.

Q4: Zero-dimensional space corresponding to junk articles.
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Figure: MSD-HMM

The weights w1, w2, Wz, ws are determined by the ratio of red fishes, blue fishes, tortoises,
and junk articles in the pond. Functions Ni(-) and Nz(-) are two-dimensional pdfs for
sizes (lengths and heights) of red fishes and blue fishes, respectively. The function N3(-)
is the one-dimensional pdf for diameters of tortoises. For example, when the man catches
a red fish, the observation is given by o = ({1}, x), where x is a two-dimensional vector
which represents the length and height of the red fish. Suppose that he is fishing day and
night, and during the night, he cannot distinguish between the colors of fishes, while he
can measure their lengths and heights[13][16][19]. In this case, the observation of a fish
at night is given by o = ({1,2}, x)
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3.5 MSD-HMM

By using the multi-space distribution, a new kind of HMM is defined which is called
multi-space probability distribution HMM (MSD-HMM). The output probability in each
state of MSD-HMM s given by the multi-space probability distribution defined in the
previous section. An N-state MSD-HMM A is specified by the initial state probability
distribution 7 = {m}"j=1, the state transition probability distribution A = {aj}Vj=1,

and the state output probability distribution B = {bj(.)}"j=1, where

3.6 FO Modelling using MSD-HMM

As described before, because the observation sequence of an FO pattern is composed of
one-dimensional continuous values and a discrete symbol which represents “unvoiced,”
we apply multi-space probability distribution HMM (MSD-HMM) to FO pattern
modeling and generation[22][25]. In the MSD-HMM for FO modelling, the observation
sequence of FO pattern is viewed as a mixed sequence of outputs from a one-dimensional
space 1 and a zero-dimensional space Q> which correspond to voiced and unvoiced
regions, respectively. Each space has the space weight wg the space Qi has a one-
dimensional normal probability density function N1(x). On the other hand, the space Q>
has only one sample point. An FO observation o consists of a continuous random variable

x and a set of space indices X, that is,

o= (X,z)

where X = {1} for voiced region and X = {2} for unvoiced region. Then the observation

probability of o is defined by
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where V (0) = x and S(0)=X. It is noted that, although N2(x) does not exist for Q2, N2(X)=

1 is defined for simplicity of notation.

Using an HMM in which output probability in each state, called MSD-HMM, voiced and
unvoiced observations of FO can be modeled in a unified model without any heuristic

assumption. Moreover, spectrum and FO can be modeled simultaneously by

Act Stream 1

Spectral Part < ” Continuous Probability Distribution

( XP_ P Stream 2
t 1Ty ) Multi-Space Probability Distribution

Ap _Ap Stream 3
FOPart < | (X7, ;") Multi-Space Probability Distribution

A%p  AZp,| | Stream 4
(X; P,zr P)| ; Mutti-Space Probability Distribution

Figure: Observation vector

multi-stream MSD-HMM, in which spectral part is modeled by continuous probability
distribution (CD), and FO part is modeled by MSD. In the figure, ct, X', and xP; represent
the spectral parameter vector, a set of space indices of FO, and FO parameter at time ft,

respectively, and A and A? represent the delta and delta-delta parameters, respectively.
3.6.1 Examples of FO Generation

Examples of FO patterns generated for a sentence included in the training data. In the
figure, the dotted lines represent FO patterns of the real utterance obtained from the
database, and the solid lines represent the generated patterns. It is noted that state
durations were obtained from result of Viterbi alignment of HMMs to real utterance for
comparison with the real utterance. an FO pattern generated from the model before
clustering[28]. The generated FO pattern is almost identical with the real FO pattern, since

there are several models which is observed only once in the training data, and such
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models model only one pattern each. the FO patterns are close to the real FO pattern even

when context clustering is performed.
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A Japanese sentence meaning “unless he gets rid of that arrogant attitude,
there’ll be no getting through the winter” in English.

Figure: Examples of generated FO patterns for a sentence included in training data.
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Figure: Examples of generated FO patterns for a test sentence.

dotted lines represent FO patterns of the real utterance obtained from the database, the
solid lines represent the generated patterns, and state durations were obtained from the
result of Viterbi alignment of HMM s to real utterance[32][35]. The generated FO patterns
are like that of natural utterance even though 34 of the 40 labels occurring in the sentence

were not observed in the training data.
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3.7 Decision-Tree-based Context Clustering

In continuous speech, parameter sequences of speech unit (e.g., phoneme) can vary
according to phonetic context. To manage the variations appropriately, context
dependent models, such as triphone/quinolone models, are often employed. In the HMM-
based speech synthesis system, we use more complicated speech units considering
prosodic and linguistic context such as mora, accentual phrase, part of speech, breath
group, and sentence information to model suprasegmental features in prosodic feature
appropriately. However, it is impossible to prepare training data which cover all possible
context dependent units, and there is great variation in the frequency of appearance of
each context dependent unit. To alleviate these problems, several techniques are
proposed to cluster HMM states and share model parameters among states in each cluster.
This algorithm is often referred to as decision-tree-based context clustering algorithm.

3.7.1 Decision Tree

An example of a decision tree is shown in Fig.2.11. The decision tree is a binary tree.
Each node (except for leaf nodes) has a context related question, such as R-silence? (“is
the previous phoneme a silence?”) or L-vowel? (“is the next phoneme vowels?”’), and
two child nodes representing “yes” and “no” answers to the question. Leaf nodes have
state output distributions. Using the decision-tree-based context clustering, model
parameters of the speech units for the unseen contexts can be obtained, because any
context reaches one of the leaf nodes, going down the tree starting from the root node

then selecting the next node depending on the answer about the current context.
3.7.2 Construction of Decision Tree

We will briefly review the construction method of the decision tree using the minimum
description length (MDL) criterion. Let SO be the root node of a decision tree and U (S,
S2, ... Sm) be a model defined for the leaf node set {Si1, S, ... Sm}. Here, a model is a set

of leaf nodes of a decision tree.
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Figure: An example of decision tree

A Gaussian pdf Nm, which is obtained by combining several Gaussian pdfs classified into
the node Sm, is assigned to each node Sm[37]. An example of a decision tree for M = 3

To reduce computational costs, we make the following three assumptions:

1. The transition probabilities of HMMs can be ignored in the calculation of the auxiliary
function of the likelihood.

2. Context clustering does not change the frame or state alignment between the data and
the model.

3. The auxiliary function of the log-likelihood for each state can be given by the sum of
the log-likelihood for each data frame weighted by the state occupancy probability for
each state.
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From these assumptions, the auxiliary function L of the log-likelihood of the model U is

given by

M T
‘C(I—]) = Z Z: ’Yﬂ(m) ]UgMn(U;‘; .p’m'J Z'm,)

_ i ZT:"}’ (m) (_ (Ot - Mrn)TE';ll (‘Ot - p"m) + LlOg 2m + IOg |21n|)
t 2

where um and Xy, is the mean vector and the diagonal covariance matrix of the Gaussian
pdf Nm at node Sm, respectively. If the re-estimation of the HMM parameters using EM
was conducted fully, the estimated covariance matrix at convergence point is

approximated by

5 = S )0 = )0 = 1)
Zzﬂ:l Ye(m) ]

and furthermore, since the covariance matrix is assumed to be diagonal,

> wm)(op — p,) T 0 — p,,) = LY w(m)
t=1 t=1

can be obtained. Thus, the auxiliary function L of the log-likelihood of the model U can

be transformed as follows:

M T
Z Z%‘-(m) (L + LIOgQW + l{)g |Em|) :

m=1 t=1

L(U) ~ —

b

the description length of the model U is given by
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D(U) = —L(U) + LM log G + C

M
1
=3 > T (L + Llog(2r) + log | Xy,])

m=1

+ LMlogG+ C

where T, = Zf:l Ye(m), yi(m) is the state occupancy probability at node
S, L is the dimensionality of the observation vector, G = Zﬂﬂf:] Ty, and C

Figure: Splitting of node of decision tree

is the code length required for choosing the model, which is assumed here to be constant,
suppose that node Sm of model U is split into two nodes, Smqy and Smqn, DY using question
g. Let U' be the model obtained by splitting the Sm of model U by question q[40][44].
The description length of model U' is calculated as follows:

D(U") = =gy (L + Llog(2m) + log | gy )

_|_

S R N

qu'n. (L + L log(2ﬂ.) + lOg |qun|)

M
1
+35 Z_:I Ty (L + Llog(27) + log |Z,|)

m'£m

+ L(M +1)1og G + C,

where the number of nodes of U' is M + 1, I'mgy, I'mgqn and Emqy, Zmqn are the state
occupancy probabilities and the covariance matrices of Gaussian pdfs at nodes Smqy and
Sman, respectively. Hence, the difference between the description lengths before and after

the splitting as follows:
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6n(q) = D(U") = D(V) (2.49)

1
= E(quy 10g [Emgy| + T'imgn 108 [Emgn| — T'm log [Em]) (2.50)

+ LlogG. (2.51)

By using this difference, 6,,(¢), we can automatically construct a decision
tree. The process of constructing a decision tree is summarized below.

Description Length

Number of Leaf Nodes M

Figure 2.13: MDL-based decision-tree building.

1. Define initial model U as U = {Sy}.
2. Find node S, in model U and question ¢’ which minimize d,,(q’).

3. Terminate if d,,/(q") > 0. If §,,»(¢") < 0, stop the splitting of the nodes
(Fig.2.13).

4. Split node S, by using question ¢’ and replace U with the resultant
node set.

Go to step 2.

ot

An example of a decision tree constructed for the first state of the FO part is shown in
[42][48]. In the figure, “sil” represents the silence before and after the sentence, “silence”
represents a class composed of “sil”, pauses inside the sentence, and silent intervals just
before unvoiced fricatives, and “L-*" and “R-*” represent the left and right context of
the current phoneme or accentual phrase. In addition, “1to13 a0” represents that the
current mora is in between first and 13th morae of an accentual phrase of type 0, and

“low-tail” represents that the current accentual phrase is other than type 0 and the end of

a sentence.
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Figure: An example of a decision tree.
3.8 HMM-based TTS System: Overview

A block-diagram of the HMM-based TTS system. The system consists of training stage
and synthesis stage. In the training stage, context dependent phoneme HMMs are trained
using a speech database. Spectrum and FO are extracted at each analysis frame as the
static features from the speech database and modeled by multitteam HMMs in which
output distributions for the spectral and logFO parts are modeled using a continuous
probability distribution and the multi-space probability distribution (MSD), respectively.
To model variations in the spectrum and FO, we take the following phonetic, prosodic,

and linguistic contexts into account:

* the number of morae in a sentence.

* the position of the breath group in a sentence.

* the number of morae in the {preceding, current, and succeeding} breath groups.
» the position of the current accentual phrase in the current breath group.

* the number of morae and the type of accent in the {preceding, current, and succeeding}

accentual phrases.

* the part of speech of the {preceding, current, and succeeding} morphemes.
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« the position of the current mora in the current accentual phrase;

« the differences between the position of the current mora and the type of accent.
* {preceding, current, and succeeding} phonemes.

* style (for style-mixed modeling only).

Then, the decision-tree-based context clustering technique is applied separately to the
spectral and logFO parts of the context-dependent phoneme HMMs. In the clustering
technique, a decision tree is automatically constructed based on the MDL
criterion[21][25]. We then perform re-estimation processes of the clustered context-
dependent phoneme HMMs using the Baum Welch (EM) algorithm. Finally, state
durations are modeled by a multivariate Gaussian distribution, and the same state
clustering technique is applied to the state duration models. In the synthesis stage, first,
an arbitrarily given text is transformed into a sequence of context-dependent phoneme
labels. Based on the label sequence, a sentence HMM is constructed by concatenating
context-dependent phoneme HMMs[2][6]. From the sentence HMM, spectral and FO
parameter sequences are obtained based on the ML criterion in which phoneme durations
are determined using state duration distributions. Finally, by using an MLSA (Mel Log
Spectral Approximation) filter, speech is synthesized from the generated mel-cepstral

and FO parameter sequences.
3.9 Speaker Conversion

In general, it is desirable that speech synthesis systems could synthesize speech with
arbitrary speaker characteristics and speaking styles. For example, considering the
speech translation systems which are used by several speakers simultaneously, it is
necessary to reproduce input speakers’ characteristics to make listeners possible to

distinguish speakers of the translated speech.
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Figure: HMM-based speech synthesis system.

Another example is spoken dialog systems with multiple agents. For such systems, each
agent should have his or her own speaker characteristics and speaking styles. From this
point of view, several spectral/voice conversion techniques have been proposed. In the
HMM-based speech synthesis method, we can easily change spectral and prosodic
characteristics of synthetic speech by transforming HMM parameters appropriately since
speech parameters used in the synthesis stage are statistically modeled by using the
framework of the HMM. In fact, we have shown in that the TTS system can generate
synthetic speech which closely resembles an arbitrarily given speaker’s voice using a
small amount of target speaker’s speech data by applying speaker adaptation techniques
such as MLLR (Maximum Likelihood Linear Regression) algorithm. In the speaker
adaptation, initial model parameters, such as mean vectors of output distributions, are
adapted to a target speaker using a small amount of adaptation data uttered by the target
speaker. The initial model can be speaker dependent or independent. For the case of

speaker dependent initial model, since most of speaker adaptation techniques tend to
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work insufficiently between two speakers with significant difference in voice
characteristics, it is required to select the speaker used for training the initial model
appropriately depending on the target speaker[3][14]. On the other hand, using speaker
independent initial models, speaker adaptation techniques work well for most target
speakers, though the performance will be lower than using speaker dependent initial
models which matches the target speaker and has sufficient data. Since the synthetic
speech generated from the speaker independent model can be considered to have
averaged voice characteristics and prosodic features of speakers used for training, we
refer to the speaker independent model as the “average voice model”, and the synthetic
speech generated from the average voice model as “average voice”. In the next section,

we will briefly describe the MLLR adaptation.
3.9.1 MLLR Adaptation

In the MLLR adaptation, which is the most popular linear regression adaptation, mean
vectors of state output distributions for the target speaker’s model are obtained by

linearly transforming mean vectors of output distributions

Average Voice Model

5
By 2

Acoustic Space Dimension 2

H2: %2 Target Speaker
Acoustic Space Dimension 1

Figure: HMM-based MLLR adaptation algorithm.
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Chapter 4

Mel-Cepstral Analysis and Synthesis
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The speech analysis/synthesis technique is one of the most important issues in vocoder
based speech synthesis system, since characteristics of the spectral model, such as
stability of synthesis filter and interpolation performance of model parameters, influence
quality of synthetic speech, and even the structure of the speech synthesis system. From
these points of view, the mel-cepstral analysis/synthesis technique is adopted for spectral
estimation and speech synthesis in the HMM-based speech synthesis system. This
chapter describes the mel-cepstral analysis/synthesis technique, how feature parameters,
I.e., mel-cepstral coefficients, are extracted from speech signal and speech is synthesized

from the mel-cepstral coefficients.

4.1 Discrete-Time Model of Speech Production

To treat a speech waveform mathematically, a discrete-time model is generally used to
represent sampled speech signals. The transfer function H(z) models the structure of
vocal tract. The excitation source is chosen by a switch which controls voiced/unvoiced
characteristics of speech. The excitation signal is modeled as either a quasi-periodic train
of pulses for voiced speech, or a random noise sequence for unvoiced sounds[2][7][18].
To produce speech signals x(n), the parameters of the model must change with time. For
many speech sounds, it is reasonable to assume that the general properties of the vocal
tract and excitation remain fixed for periods of 5-10 msec. Under such an assumption,
the excitation e(n) is filtered by a slowly time-varying linear system H(z) to generate

speech signals x(n).

The speech x(n) can be computed from the excitation e(n) and the impulse response h(n)

of the vocal tract using the convolution sum expression
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Figure: Discrete-time model for speech production.
x(n)=h(n) * e(n)

where the symbol = stands for discrete convolution. The details of digital signal
processing and speech processing.

4.2 Mel-Cepstral Analysis

4.2.1 Spectral Model

In the mel-cepstral analysis, the vocal tract transfer function H(z) is modeled by M-th
order mel-cepstral coefficients ¢ = [ ¢(0), ¢(1), ..., ¢(M)]" (the superscript - T denotes

matrix transpose) as follows:
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H(2) =expe'2

M
= exp Z e(m)z™™,

m=0
where z = [1,2‘1, ) ..,E_M]T. The system z~! is defined by a first order
all-pass function
-1
.1 -«
= al <1
1—azV’ lof

and the warped frequency scale B3(w) is given as its phase response:

(1 - a?)sinw

j’ =t -1 .
Aw) = tan (1+a?)cosw — 2a

The phase response S(w) gives a good approximation to auditory frequency scale with
an appropriate choice of a. examples of o for approximating the auditory frequency
scales at several sampling frequencies. In the figure when sampling frequency is 16 kHz,

the phase response f(w) provides a good approximation to mel scale for a =0 .42.

4.2.2 Spectral Criterion

In the unbiased estimation of log spectrum (UELS) it has been shown that the power
spectral estimate [H(e'®)[?, which is unbiased in a sense of relative power, is obtained in
such a way that the following criterion E is minimized:

E = %f {exp R(w) — R(w) — 1} dw
R(w) = log In(w) — log |H(e™)|’

and Iy(w) is the modified periodogram of weakly stationary process z(n)
given by
2

N-1
Z w(n)z(n)e "
n=>0

IN{(»‘) =

=

w?(n)

H]
Il
=



™ T
-- mel scale
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16kHz sampling
a =042
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0 7r1[2 T
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Figure: Frequency warping by all-pass system.

where w(n) is the window whose length is N. It is noted that the criterion of equation has
the same form as that of maximum-likelihood estimation for a normal stationary AR
process. Since the criterion is derived without assumption of any specific spectral models,
it can be applied to the spectral model, Now taking the gain factor K outside from H(z)

in yields

H(z) = K- D(z)

where

K =expa'e

M
= exp Z(—ft)’"ﬂ(m)

m=0

D(2) = expe| 2

= exp Z ¢ (m)z ™

m=1

and

a=[1,(-a),(—a) -, (—a)M]"

e = [e1(0),e1(1), -+ e (M)

The relationship between the coefficients ¢ and ¢, is given by

0) —a' =0
cl(m)—{(‘() a'e, m

c(m), 1<m< M.
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If the system H(z) is a synthesis filter of speech, D(z) must be stable. Hence, if D(z) is

the minimum-phase system yields the relationship,

1 " jwy |2 -2
Ef_ﬁlog‘”(rr’ }} dw = log K*.

Using the above equation, the spectral criterion of Eq. (3.6) becomes

. 1 m .
E=¢c/K*—- / log Iy(w)dw + log K* — 1
2r J_.

where
1 " In(w)

* " or ). Ip(er)P

Consequently, omitting the constant terms, the minimization of E with respect to c leads
to the minimization of & with respect to ¢1 and the minimization of E with respect to
K[21][27]. By taking the derivative of E with respect to K and setting the result to zero,
K is obtained as follows:

K = Vemin

where emin IS the minimum value of &. It has been shown that the minimization of leads

to the minimization of the residual energy.

There exists only one minimum point because the criterion E is convex with respect to
c. Consequently, the minimization problem of E can be solved using efficient iterative
algorithm based on FFT and recursive formulas. In addition, the stability of model

solution H(z) is always guaranteed.

Input Prediction Error

z(n) — 1/D(z) ———— e(n)

£ = E[eg(nﬂ — min

Figure: Time domain representation of mel-cepstral analysis.
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4.3 Synthesis Filter

To synthesize speech from the mel-cepstral coefficients, it is needed to realize the
exponential transfer function D(z). Although the transfer function D(z) is not a rational
function, the MLSA (Mel Log Spectral Approximation) filter can approximate D(z) with

sufficient accuracy. The complex exponential function expw is approximated by a rational

function
L
1+ Z ALJ w
expw ~ Rp(w) = lel :
1+ ZAL,I (—HJ')I
=1
For example, if A;; (I =1,2,..., L) are chosen as
1( L 2L
A=~
= u(;)/( s)
is the [L/L] Padé approximant of exp w at w = 0. Thus D(z)
is approximated by
D(2) = exp F(2) ~ Ry(F(2))
where
M
F(z2)=2"¢; = Z(’l(m)f:“"‘.
m=0
It is noted that Ap,;(I = 1,2,...,L) have fixed values whereas ¢;(m) are
variable.

To remove a delay-free loop from F(z), Eq. is modified as

F(z) =z2"¢
= ETAA—lcl
=®"b

M
= Z b('m')(bm(z)

m=1
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where

« 0]
Q . 3
A=|0 0 1 - 0 (3.29)
: L@
| 0 - 0 1
(1 (-a) (-a)’ ()™
0 1 —a) : :
A'=10 0 1 . (P | (3:30)
: o (-a)
0 0 1
The vector ® is given by
P=A"z (3.31)
= (1, 1(2), Ba(2), -, aa(2)]” (3.32)
where -
(1—a®)z"__ .~
‘I)m(Z) = WZ (m I), m > 1. (333)

The coefficients b can be obtained from c1 using the transformation

Input

Ap, ALN/ ALN/ ALN/

() ? F(2) |+ F(2) FH F(2) |

(b) Ry(F(2)) ~ exp F(2) = D(2) (L = 4).
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Table Optimized coefficients of Rr(w) for L = 5,7 = 6.0.

ALl
4.999391 x 107!
1.107098 x 10!
1.360984 x 102
0.564853 x 10~
3.041721 x 104

CU o O DD | e~

Table Optimized coefficients of Ry (w) for L = 4,r = 4.5.

AL;
4.999273 x 10!
1.067005 x 101
1.170221 x 102
5.656279 x 10~*

e DD | e
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Chapter 5

Speech Synthesis with Various Voice

Characteristics
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In general, it is desirable that speech synthesis systems have the ability to synthesize
speech with arbitrary voice characteristics and speaking styles. For example, considering
the speech translation systems which are used by a number of speakers simultaneously,
it is necessary to reproduce input speakers’ voice characteristics to make listeners
possible to distinguish speakers of the translated speech. Another example is spoken
dialog systems with multiple agents. For such systems, each agent should have his or her
own voice characteristics and speaking styles. From this point of view, there have been
several studies which focus on speaker conversion. Since speaker characteristics are
included in spectrum, fundamental frequency, and duration [45],[46], it is necessary to
convert all these speech features to convert speech from one speaker to another.
However, it has been reported that spectral information is dominant over prosodic
information [45], and a number of techniques for spectral conversion have been proposed
[471-[49].

On the other hand, in speech recognition area, speaker adaptation of acoustic
models[11],[12],[44],[50]-[53] is one of the most active research issues in order to
improve performance of speech recognizers. Speaker adaptation is like voice conversion
in that distribution of spectral parameter of a speaker (or speakers in training data) is
converted to a target speaker, and there have been several works to utilize speaker
adaptation techniques for voice conversion[48]. The HMM-based TTS system described
in this thesis uses phoneme HMMs as speech units and generates speech spectral
sequence directly from phoneme HMMs. Hence, voice characteristics conversion is
achieved by transforming HMM parameters appropriately. This mean that speaker
adaptation techniques proposed for HMM-based speech recognition systems are
applicable to the HMM-based TTS system for voice characteristics conversion. This
chapter describes a case in which the MAP-VFS algorithm[11],[12], one of successful
speaker adaptation techniques, are applied to the HMM based TTS system, and shows
that only a small amount of adaptation data is enough to synthesize speech which

resembles arbitrarily given target speaker’s voice characteristics.
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5.1 System Overview

A block diagram of the HMM-based speech synthesis system with arbitrarily given
speaker’s voice characteristics, the system has the adaptation stage in addition to training
and synthesis stages. In the training stage, mel-cepstral coefficients are obtained from
speech database, and delta and delta-delta mel-cepstral coefficients are calculated. Then
phoneme HMMs are trained using mel-cepstral coefficients and their deltas and delta-
deltas. The trained HMMs are used as a initial model in the following adaptation stage.
In the adaptation stage, the initial model is adapted to a target speaker using a speaker
adaptation technique with a small amount of adaptation data. Typically, the amount of
adaptation data lies in between several sentences and fifty sentences. In the synthesis
stage, an arbitrarily given text to be synthesized is transformed into a phoneme sequence,
and a sentence HMM is constructed by concatenating adapted phoneme HMMs. From
the sentence HMM, a speech parameter sequence is generated using the parameter

generation algorithm

‘ SPEECH DATABASE}
|
Training v
Mel-Cepstral Analysis

Mel-Cepstrum

AN
888888888

Phoneme HMMs

|

Adaptation s
- ADAPTATION
Speaker Adaptation DATA

la) li

Adapted HMMs |
Synthesis Senten;e HMM TEXT
/ \/ \ ....................... / \
| Y e Yot eYeteTete et et aretate ¢y |
Mel-Cepstrum

Excitation — (MLSA Filter

| SYNTHESIZED SPEECH |

Figure: Block diagram of an HMM-based speech
synthesis system with arbitrarily given speaker’s voice.
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5.2 Speaker Adaptation Based on MAP-VFS Algorithm

In the speaker adaptation stage, initial model parameters, such as mean vectors of output
distributions, are adapted to a target speaker using a small amount of adaptation data
uttered by the target speaker. The initial model can be speaker dependent or independent.
For the case of speaker dependent initial model, since most of speaker adaptation
techniques tend to work insufficiently between two speakers with significant difference
in voice characteristics, it is required to select the speaker used for training the initial
model appropriately depending on the target speaker. On the other hand, using speaker
independent initial models, speaker adaptation techniques work well for most target
speakers, though the performance will be lower than using speaker dependent initial
models matching with the target speaker. Most of speaker adaptation techniques are
applicable to voice characteristics conversion for the HMM-based speech synthesis
system. From a few speaker adaptation techniques proposed for speaker recognition, this
chapter describes a case where the MAP-VFS algorithm, which is one of the most
successful speaker adaptation techniques, is adopted for voice characteristics conversion.
The MAP-VFS algorithm is a combination of the maximum a posteriori (MAP)
estimation and the vector field smoothing (VFS) algorithm. In the following, these

algorithms are described briefly.

5.2.1 Maximum a Posteriori (MAP) Estimation

Let A be the model parameter to be estimated from the sample X, and g(A) be the prior
probability distribution function (pdf) of .. The MAP estimate AMA” is defined as the

model which maximizes posterior pdf of A denoted as

g(Alx), i.e.,

AMAP — argmax g(\|x)
A

= argmax f(z[A)g(Y),
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where f(x|\) represents the pdf of sample x. If it is assumed that there is no knowledge
about A, the prior pdf g(A) becomes a uniform distribution, i.e., g(A) = constant. Under
this assumption, reduces to the maximum likelihood (ML) formulation. Let g be the
random vector denoting the HMM state sequence. There are two ways of approximating
Aviap, namely by a local maximization of f(x|A)g(A) using forward-backward MAP
algorithm, and of f(x,q|A)g(}) using segmental MAP algorithm[52]. In the following, the
former approach is adopted. Let x = (X, ..., XT) be a given sequence of observation vectors
with length T drawn from a multivariate Gaussian distribution. Assuming that the
covariance of the distribution of observation vectors is known and fixed, it can be shown
that the conjugate prior for mean is also Gaussian. If the mean pi of the output
distribution i is used as the mean of the conjugate prior distribution, the MAP estimate

for the mean is solved by

T
Ti Jb; xa Z ’Yf(?):ﬂg
t=1

T
Ti + Z%(i)
t=1

MAP _
2 =

7

where yi(i) denotes the probability of x: being observed from the output distribution i.
Variable 71 indicates certainty of the prior distribution, though it is assumed to be a
constant equivalent for all output distributions in the experiments. It is noted that the

MAP estimate pMAP; is weighted average of prior mean piand the ML estimate piM-

T

> i)z

,ML — t=1

i T )
E (%)
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When n; equals to zero, i.e., no training sample is available, the MAP estimate is simply
the prior mean. On the contrary, when many training samples are used in this (i.e., nj
—o0), the MAP estimate converges to the ML estimate uM" asymptotically. Although
the MAP estimates for covariances and transition probabilities can be obtained for
continuous HMM, only mean vectors were adapted here. It is also noted that the forward-
backward MAP algorithm is based on EM algorithm and results in iteration of estimation

of y(i) E-step, though only one iteration was performed in the experiments.
5.2.2 Vector Field Smoothing (VFS) Algorithm

Since the MAP estimation is performed with very few adaptation data, there are several
distributions which have no adaptation data and remain untrained. Furthermore, MAP
estimated parameters are not necessarily reliable because of insufficient training data. To
overcome these problems, VFS is performed after the MAP estimation to estimate new
parameters for untrained distributions and to smooth estimated parameters of MAP

trained distributions by interpolating and smoothing transfer vectors, which represent
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differences between parameters before and after the MAP estimation. The transfer vector

for the mean vector of distribution i is calculated by
v = — g,

where pi and pMA® i are initial and MAP estimated mean vectors of distribution i,
respectively. Let Gk(q) denotes the group of K nearest-neighbor MAP estimated
distributions of distribution g. The interpolated transfer vector of untrained distribution

j, Vi are calculated as follows,

E WiV}

I keGi(d)

UJ —_—,
E 'IUjk

keG k()

where wijk is a weighting factor based on the distance between p; and p. Using this

interpolated transfer vector, estimated mean vector p'; is obtained by
K = 1+ ).

For MAP estimated distribution i, the smoothed transfer vector vS; is calculated as
follows,

v; 4 E WiV

s keG k(i)

1+ Z Wik ’

keGk (i)

L
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Figure: Vector field smoothing.

5.3 Experiments

5.3.1 Experimental Conditions

ATR Japanese speech database was used for training and testing. Speech signals sampled
at 20 kHz were down sampled to 10 kHz and re-labeled based on label data included in
the ATR Database using 35 phonemes and silence. A speaker and gender independent
model were trained using 3,000
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sentences uttered by ten female and ten male speakers (150 sentences for each speaker).
Target speakers were two female speakers FKN and FYM, and two male speakers MHT
and MYI, who were not included in training speakers. For comparison, speaker
dependent models for target speakers were also trained using 450 sentences uttered by
target speakers. Speech signals were windowed by 25.6ms Blackman window with 5ms
shift. then mel-cepstral coefficients were obtained by the 15th order mel-cepstral
analysis. The dynamic features Act and A%, i.e., delta and delta-delta mel-cepstral

coefficients at frame t, respectively,

1
AC; 2((:“ 1 Cy ])s

. 1
A’c, = 2(Ac,_+| — Acy ).

The feature vector was composed of 16 mel-cepstral coefficients including the zeroth
coefficient, and their delta and delta-delta coefficients. HMMSs were 5-state left-to-right
triphone models with single diagonal Gaussian output distribution. A set of states at the
same position of triphone HMMs having the same central phoneme were clustered using
a decision-tree based context clustering technique, and a set of tied triphone HMMs were
constructed. Stop conditions for splitting nodes of the decision tree were set to be
identical for all speaker independent and speaker dependent models. For speaker
adaptation, twelve sentences were used which were included in neither training nor test
sentences. The number of distinct triphones and the number of output distributions
having adaptation data were slightly different between target speakers. For the case of
target speaker FKN with 1, 3, 5, 8, 10, and 12 adaptation sentences, the number of distinct
triphones were 103, 182, 244, 372, 450, and 507, and the number of output distributions
having adaptation data were 413, 722, 956, 1,407, 1,668, and 1,837, where the total

number of output distributions of the speaker independent model was 4,620.

Test data consisted of 53 sentences. From 53 sentences, four sentences were used for the

subjective experiment, and remaining 49 sentences were used for determining parameters
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for the MAP-VFS algorithm. It is noted that state durations were determined by Viterbi

alignment against natural speech uttered by target speaker.

5.4 . . .
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Figure: Mel-log-spectral distance as a function of t.

5.3.2 Determination of Parameters for MAP-VFS

In the MAP-VFS algorithm, there are two parameters which affect adaptation
performance, that is, the parameter t for the MAP estimation and the smoothing factor s
for the VFS algorithm. Before the subjective experiment, values for these parameters
were obtained based on mel-log-spectral distance between natural and synthetic speech.
Although there is one more parameter for the VFS algorithm, K, the size of the set of
neighboring distributions used for interpolation or smoothing, K was fixed to 10 since it
was observed from preliminary experiments that the value of K does not affect the

adaptation performance significantly.
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CHAPTER: 6

Speaker Independent Phonetic VVocoder
Based on Recognition and Synthesis
Using HMM
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To code speech at rates on the order of 100 bit/s, phonetic and segment vocoders are the
most popular techniques. These coders decompose speech into a sequence of speech units
(i.e., phonetic units and acoustically derived segment units, respectively) by using a
speech recognition technique, and transmit the obtained unit indexes and unit durations.
The decoders synthesize speech by concatenating typical instances of speech units
according to the unit indexes and unit durations. This chapter describes a novel approach
to the phonetic vocoder in which the HMM-based speech recognition and synthesis
systems are employed for the encoder and decoder, respectively. The proposing vocoder
is consistent in the sense that both encoding and decoding procedures use the same set of
phonemes HMMs and are based on maximum likelihood criterion. This chapter also
proposes a technique for adapting the decoder to input speech to synthesize speech with

input speaker’s voice characteristics.

| Input Speech |
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Figure: A very low bit rate speech coder based on HMM.
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6.1 Basic Structure of the Phonetic VVocoder Based on HMM

6.1.1 System Overview

In the phonetic vocoder based on HMM, speech spectra are consistently represented by
mel-cepstral coefficients obtained by a mel-cepstral analysis technique, and the sequence
of mel-cepstral coefficient vectors for each speech unit is modeled by phoneme HMM.
The encoder carries out phoneme recognition which adopts advanced techniques used in
speech recognition and transmits phoneme indexes and state durations to the decoder by
using entropy coding and vector quantization. Fundamental frequency (F0) information
is also transmitted to the decoder. In the decoder, phoneme HMMs are concatenated
according to the phoneme indexes, and the state sequence is determined from the
transmitted state durations. Then a sequence of mel-cepstral coefficient vectors is
determined by the parameter generation algorithm from HMM. Finally, speech signal is
synthesized by the MLSA (Mel Log Spectrum Approximation) filter according to the

obtained mel-cepstral coefficients.
6.1.2 Speech Recognition

Phonetically balanced 503 sentences uttered by a male speaker MHT in the ATR
Japanese speech database were used for training phoneme HMMSs. Speech signals
sampled at 20kHz were down sampled to 10kHz and windowed by a 25.6ms Hamming
window with a 5ms shift, and then mel-cepstral coefficients were obtained by the mel-
cepstral analysis technique. The feature vectors consisted of 13 mel-cepstral coefficients
including the Oth coefficient, and their delta and delta-delta coefficients. The HMMs used
were 3-state left-to-right triphone models with no skip. Each state was modeled by a
single Gaussian distribution with the diagonal covariance. Total of 34 phonemes and a
silent model were prepared. Decision-tree based model clustering was applied to each
set of triphone models, and the resultant set of tied triphone models has approximately
1,800 distributions. The speech recognizer of the encoder uses the phoneme pair
constraints in Japanese language. The phoneme recognition rate for the test data used in
the subjective evaluation (refer to 8.1.6) was 73.68 % (88.7 % when insertion errors are

ignored). The average phoneme rate computed from the transcription data is about 9.5
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phoneme/s while the average phoneme rate computed from the recognition results for the

test data was 11.7 phoneme/s. It is noted that the test data includes 26 % of silence region.
6.1.3 Phoneme Index Coding

The phoneme sequence obtained by the phoneme recognizer is transmitted using entropy
coding. The histograms of phonemes and phoneme pairs were measured from the
phoneme recognition results for the training data. When the Huffman coding based on
the occurrence probability distribution of phonemes was used, the bit rate of phoneme
information for the test data was about 54 bit/s. Furthermore, using the occurrence
probability distribution of phoneme pairs (i.e., phoneme bigram probability), the bit rate
could be reduced to about 46 bit/s.

6.1.4 State Duration Coding

For transmitting state durations, the following three methods were examined:

Method 1 The histogram of state durations for each phoneme was measured from the
phoneme recognition results for the training data. State durations are transmitted by the
Huffman coding based on the occurrence probability distribution of state duration for the

corresponding phoneme.

Method 2 The histogram of phoneme durations for each phoneme was measured from
the phoneme recognition results for the training data. Each phoneme duration is
transmitted using the Huffman coding based on the occurrence probability distribution
of the corresponding phoneme. In the decoder each phoneme duration is divided into
state durations using state duration densities associated with the corresponding phoneme
HMM. The state durations are determined by a method based on the maximum likelihood

criterion that is,

dr = my + {)O‘_E
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where T is phoneme duration, N is the number of states of the phoneme HMM (N = 3
for the case of 3-state models), m, o% are the mean and variance of the duration density
associated with the k-th state of the phoneme HMM, respectively. To obtain the state
duration densities, histograms of state durations were measured from the phoneme
recognition results for the training data. Each state duration density was modeled by a
single Gaussian distribution. Regarding state duration densities of a triphone HMM as a
three-dimensional Gaussian, decision-tree based model clustering were applied to the
three-dimensional Gaussians. The resultant set of tied state duration models had
approximately 1,600 distributions.

Method 3 State durations of each phoneme are regarded as a three-dimensional vector,
and vector quantized. The codebook is trained by the LBG algorithm based on state
durations obtained by phoneme recognition for the training data. Three codebooks whose
sizes are 8, 32, and 1,024, respectively, the VQ indexes are transmitted by using the

Huffman coding.

6.1.5 Speech Synthesis

In the decoder, triphone HMMs corresponding to the transmitted phoneme indexes are
concatenated, and from the obtained HMM a sequence of mel-cepstral coefficient vectors
is generated using the algorithm. By exciting the MLSA filter with pulse train or white
noise generated according to the FO information, speech signal is synthesized based on

the generated mel-cepstral coefficients.
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For speaker verification systems, security against imposture is one of the most important
problems, and several approaches to reducing false acceptance rates for impostors as well
as false rejection rates for clients have been investigated. For example, text-prompted
speaker verification has been shown to be robust to the impostor with playing back
recorded voice of a registered speaker. However, imposture using synthetic speech has
barely been considered due to the facts that quality of synthetic speech was not high
enough, and that it was difficult to synthesize speech with arbitrary voice characteristics.
Meanwhile, recent advances in speech synthesis make it possible to synthesize speech of
good quality. Moreover, it has been shown in Chapter 6 that the HMM-based speech
synthesis system can synthesize speech with arbitrarily given speaker’s voice
characteristics by applying speaker adaptation techniques using a small amount of
adaptation data. From this point of view, this chapter investigates imposture against an
HMM-based text-prompted speaker verification system using the HMM-based speech

synthesis system.

- Speaker ID
—Tr
!
Came €
Customer Impostor Synthetic
| Speech ™
Adaptation Data é‘"Text Speakg;;zrﬂcat"’"
B oo, |
B
Speaker Speech Synthesis Imposture Using
Adaptation System Synthetic Speech

Figure: Imposture using the HMM-based speech synthesis system.



7.1 Overview of Imposture Using the HMM-Based Speech
Synthesis System

An overview of imposture against a speaker verification system using the HMM-based
speech synthesis system is shown in Fig. 7.1. Since most of speaker verification systems
are based on statistical models such as HMM or Gaussian mixture model (GMM), and
text-prompted speaker verification has shown to be robust to recorded speech, a text-
prompted speaker verification system based on HMM is adopted as a reference system.
It is assumed that the impostor can record several utterances spoken by a customer of the
speaker verification system and train the speech synthesis system using the recorded
speech before imposture. The impostor inputs the target speaker’s ID to the verification
system, and then inputs synthetic speech corresponding to the prompted text. The speaker
verification system verifies speaker characteristics and the text of input speech and
decides to accept or reject. In the verification procedure, normalized log-likelihood Ls(O)

is calculated as follows[56],

L,(0) = 7 (log P(O|) — log P(O]\a)

7.2 Experimental Conditions

7.2.1 Speech Database

Phonetically balanced Japanese sentences from ATR Japanese speech database was used
for training and testing. The database consists of sentence data uttered by 20 male
speakers; 10 speakers were used as customers and the remainder were used as impostors.
Each speaker uttered 150 sentences. The sentence set was divided into 3 subsets, A-, B-
, and C-sets, where each subset contained 50 sentences. A-set was used for training the
speaker verification system and for determination of decision thresholds for normalized
log-likelihood, B-set was used for training the speech synthesis system, and C-set was
used as test sentences. Speech signals sampled at 20kHz were down sampled to 10kHz
and labeled into 48 phonemes (including silence and pause) based on phoneme labels

included in the database. Both the speech synthesis system and the speaker verification
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system used the same phoneme set and the same phoneme transcriptions for test

sentences.
7.2.2 Speaker Verification System

The speaker verification system was trained using A-set. Speech signals were windowed
by a 25.6 ms Blackman window with a 5 ms shift, and the cepstral coefficients were

calculated by 15th order LPC analysis. The feature vector,
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Figure 7.2: False rejection and acceptance rates as functions of the values of the decision

threshold for training data.

consisted of 16 cepstral coefficients including the zeroth coefficient, and their deltas and
delta-deltas. For each customer, a set of speakers dependent (SD) phoneme models was
trained using 50 sentences. A set of speakers independent (SI) phoneme models was also
trained using all customers’ training sentences. Each phoneme model was a 3-state 1-, 2-
, or 3-mixture left-to-right model with diagonal covariance matrices. Because of limited
training data, there were some SD phoneme models which remained untrained. In such
cases, SI phoneme models were used as SD models. A speaker independent threshold
was determined for each model structure to equalize the false rejection rate (FRR) for the
customer and the false acceptance rate (FAR) for other speakers in the training data.
However, as shown in Fig. 7.2, which shows the FAR and the FRR for training data using
3-mixture models, there existed a region in which both the FAR and the FRR were equal
to 0% (denoted by the gray area). In such case, a value at the center of the region was
adopted as the threshold.
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7.2.3 Speech Synthesis System

The speech synthesis system was trained using B-set. Speech signals were windowed by
a 25.6 ms Blackman window with a 5 ms shift, and the mel-cepstral coefficients were
calculated by the 15th order mel-cepstral analysis. The feature vector consisted of 16
mel-cepstral coefficients including the zeroth coefficient, and their deltas and delta-
deltas. It is noted that the feature parameters used in the speech synthesis system were

different from the speaker verification system.

Phoneme models were 2-, 3-, or 4-state single-mixture left-to-right monophone models
with diagonal covariance matrices, and trained using 1, 3, 5, or 50 sentences uttered by
customers of the speaker verification system by the EM algorithm in which speaker
independent (SI) models were used as initial models. SI models were trained using 50
sentences in B-set uttered by 10 non-customer speakers. As well as the speaker
verification system, SI phoneme models were used instead of untrained SD phoneme
models. It is noted that this training procedure can be equivalent to speaker adaptation
using the MAP-VFS algorithm with t = 0 for the MAP estimation and s = 0 for the VFS
algorithm. In the synthesis procedure, state durations were set to means of state duration
densities obtained from training data. White noise was used as an excitation of the MLSA
filter for both voiced and unvoiced phonemes, since most speaker verification systems

utilize only spectral information.
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Chapter 8

Conclusions and Future Works
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This thesis has described a novel approach to text-to-speech synthesis (TTS) based on
hidden Markov model (HMM). There have been several attempts proposed to utilize
HMMs to TTS systems. The most distinguishable point of the proposed approach is that
speech parameter sequences are generated from HMMs themselves based on maximum
likelihood criterion. Hence, several techniques proposed in speech recognition area to
improve performance of HMM-based speech recognition, such as context dependent
modeling and speaker adaptation, are applicable to the proposed HMM-based TTS
system. In fact, it has been shown that quality of synthetic speech improves by using
triphone models, and that speaker individuality of synthetic speech can be converted to

the arbitrarily given target speaker by applying a speaker adaptation technique.

In the proposed HMM-based TTS system, dynamic features play an important role in
generation of speech parameter sequences. Without dynamic features, generated spectral
sequences have discontinuities at the state transitions which result in clicks in synthetic
speech. On the other hand, by considering relationship between static and dynamic
parameters during parameter generation, smooth spectral sequences are generated
according to the statistics of static and dynamic parameters modeled by HMMs, and
natural sounding speech without clicks is synthesized. To synthesize speech,
fundamental frequency (FO0) patterns are also required to be modeled and generated. The

conventional discrete or continuous

HMMs, however, cannot be applied for modeling FO patterns, since values of FO are not
defined in the unvoiced regions, that is, observation sequences of FO patterns are
composed of one-dimensional continuous values and a discrete symbol which represents
“unvoiced.” To overcome this problem, the multi-space probability distribution HMM
(MSD-HMM) has been proposed so as to be able to model sequences of observation
vectors with variable dimensionality including zero-dimensional observations, i.e.,
discrete symbols, and a decision-tree based context clustering technique has been
extended for the MSD-HMM.

It has been shown that spectral parameter sequences and FO patterns can be modeled and
generated in a unified framework by using the MSD-HMM. Since it has been shown that

the HMM-based speech synthesis system has an ability to synthesize speech with
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arbitrarily given speaker’s voice characteristics, the HMM-based TTS system can be
considered to be applicable to imposture against speaker verification systems. From this
point of view, several experiments have been conducted. As a result, it has been shown
that it is difficult to distinguish synthetic speech from natural speech in the current

framework of speaker verification using statistical models such as GMM or HMM.

Finally, a speaker independent HMM-based phonetic vocoder has been developed.
HMM-based speech synthesis can be considered as the reverse procedure of HMM-based
speech recognition. Thus, by combining the HMM based speech recognition system and
the HMM-based speech synthesis system, an HMM-based very low bit rate speech coder
can be constructed, in which only phoneme indexes and state durations are transmitted
as spectral information. In addition, a technique to adapt HMMs used in the speech

synthesis system has been developed to reproduce speaker individuality of input speech.

Although the HMM-based TTS system has been shown to be able to synthesize natural
sounding speech, there is room to improve quality of synthetic speech. For example,
excitation signals used in the HMM-based TTS system are composed of pulse trains for
voiced regions and white noise for unvoiced regions. However, residual signals cannot
be modeled by such a simple excitation model. Thus, improvement of the excitation
model will result in increase in quality of synthetic speech. Spectral modeling and the
parameter generation algorithm should also be improved since spectra modeled by HMM

are flattened comparing to real spectra by averaging spectra in several frames.

To realize high-quality human-computer communication with voice, TTS systems are
required to have ability to generate natural sounding speech with arbitrary speaker’s
voice characteristics and various speaking styles. Although it has been shown that the
HMM-based TTS system can synthesize speech with various speakers’ voice
characteristics, synthesizing speech with various speaking styles are remained
uninvestigated. It is required to establish techniques to synthesize speech with various
speaking styles, as well as to construct speech database which contains speech with

various speaking styles.

The parameter generation algorithm is applicable to not only speech parameters but also

any parameter sequences which can be modeled by HMMs. In fact, it has been proposed
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in that lip motion synchronizing to speech can be synthesized. Synthesizing other
motions, such as sign languages, using the same framework of the HMM-based TTS

system will also be investigated.

Although the HMM-based TTS system has been shown to be able to synthesize natural
sounding speech, there is room to improve quality of synthetic speech. For example,
excitation signals used in the HMM-based TTS system are composed of pulse trains for
voiced regions and white noise for unvoiced regions. However, residual signals cannot
be modeled by such a simple excitation model. Thus, improvement of the excitation
model will result in increase in quality of synthetic speech. Spectral modeling and the
parameter generation algorithm should also be improved since spectra modeled by HMM

are flattened comparing to real spectra by averaging spectra in several frames.

To realize high-quality human-computer communication with voice, TTS systems are
required to have ability to generate natural sounding speech with arbitrary speaker’s
voice characteristics and various speaking styles. Although it has been shown that the
HMM-based TTS system can synthesize speech with various speakers’ voice
characteristics, synthesizing speech with various speaking styles are remained
uninvestigated. It is required to establish techniques to synthesize speech with various
speaking styles, as well as to construct speech database which contains speech with

various speaking styles.

The parameter generation algorithm is applicable to not only speech parameters but also
any parameter sequences which can be modeled by HMMs. In fact, it has been proposed
in[47],[48] that lip motion synchronizing to speech can be synthesized. Synthesizing
other motions, such as sign languages, using the same framework of the HMM-based

TTS system will also be investigated.
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