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ABSTRACT
In the synthesis part of a hidden Markov model (HMM)
based speech synthesis system which we have proposed, a
speech parameter vector sequence is generated from a sentence HMM corresponding to an arbitrarily given text by
using a speech parameter generation algorithm. However,
there is an inconsistency: although the speech parameter
vector sequence is generated under the constraints between
static and dynamic features, HMM parameters are trained
without any constraints between them in the same way as
standard HMM training. In the present paper, we introduce a trajectory-HMM, which has been derived from the
HMM under the constraints between static and dynamic features, into the training part of the HMM-based speech synthesis system. Experimental results show that the use of
trajectory-HMM training improves the quality of the synthesized speech.
1. INTRODUCTION
The increasing availability of large speech databases makes
it possible to construct speech synthesis systems, referred to
as corpus-based, by applying statistical learning algorithms.
These systems, which can be automatically trained, not only
generate natural and high quality synthetic speech but also
can reproduce voice characteristics of the original speaker.
For constructing such a system, the use of hidden Markov
models (HMMs) has become more popular. They have successfully been applied to modeling the sequence of speech
spectra in speech recognition systems, and their performance
have been improved by techniques utilizing the flexibility
of the HMMs: context-dependent modeling, dynamic features, mixture of Gaussian distributions, parameter tying,
speaker and environment adaptation. Speech synthesis systems based on the HMMs can be categorized as follows:
1. Transcription and segmentation of database [1]
2. Construction of inventory of speech segments [2, 3]

3. Run-time selection of multiple instances of speech
segments [4, 5]
4. Speech synthesis from HMMs themselves [6–9]
In approaches 1–3, by using a waveform concatenation algorithms, e.g., PSOLA algorithm, a high quality synthetic
speech could be produced. However, to obtain various voice
qualities, a large amount of speech data is necessary, and
it is diﬃcult to collect, store, and label such speech data.
On the other hand, in approach 4, voice characteristics of
synthetic speech can be changed by transforming HMM parameters appropriately. From this point of view, we have
proposed parameter generation algorithms for HMM-based
speech synthesis [10], and constructed a speech synthesis
system [9]. The main feature of the system is the use of
dynamic feature: by inclusion of dynamic features in the
state output vector, the dynamic features of speech parameter vector sequence generated in synthesis are constrained
to be realistic, as defined by the parameters of the HMMs.
However, there is an inconsistency: although the speech
parameter vector sequence is generated from the HMMs
under the constraints between static and dynamic features,
the HMM parameters are trained without any constraints
between them in the same way as standard HMM training. In the present paper, we introduce a trajectory-HMM
[11, 12], which has been derived from the HMM under the
constraints between static and dynamic features, into the
training part of the HMM-based speech synthesis system.
Experimental results show that the use of trajectory-HMM
training improves the quality of the synthesized speech.
The rest of this paper is organized as follows. Section
2 summarizes the overview of the HMM-based speech synthesis system. Section 3 shows the speech parameter generation algorithm and derivation of the trajectory-HMM. Section 4 describes its training algorithm. Result of subjective
listening test is shown in Section 5. Concluding remarks
and future plans are presented in the final section.
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Fig. 1. An overview of the HMM-based speech synthesis
system

2. HMM-BASED SPEECH SYNTHESIS SYSTEM

3.1. Speech parameter generation algorithm
For a given continuous distribution HMM
λ, we model
the


speech parameter vector sequence o = o1 , . . . , oT in such
a way that
P (o | λ) =



P (o | q, λ) P (q | λ) ,

(1)

all q

Figure 1 shows the overview of the HMM-based speech
synthesis system. In the current system, an output vector of the HMM consists of a spectrum part and an excitation parts. The spectrum part consists of mel-cepstral coeﬃcients including the zeroth coeﬃcients, their delta and
delta-delta coeﬃcients. The excitation part consists of a log
fundamental frequency (log F0 ), its delta and delta-delta coeﬃcients. In the training part, the spectrum part is modeled
by continuous distribution HMMs (CD-HMMs) and the excitation part is modeled by multi-space probability distribution HMMs (MSD-HMMs) [13]. HMMs have state duration distributions to model the temporal structure of speech.
As a result, the system models not only spectrum parameters but also excitation parameters and durations in a unified framework. To capture acoustic variation associated
with contextual factors (e.g., phone identity factors, stressrelated factors, locational factors) for spectrum, F0 pattern
and duration, we use context-dependent HMMs. However,
as contextual factors increase, their combinations also increase exponentially. To overcome this problem, a decisiontree based context clustering technique [14] is applied to
distributions for spectrum, F0 and state duration in the same
manner as in HMM-based speech recognition.
In the synthesis part, first, an arbitrarily given text to be
synthesized is converted to a context-based label sequence.
Secondly, according to the label sequence, a sentence HMM
is constructed by concatenating context-dependent HMMs.
State durations of the sentence HMM are determined so as
to maximize the output probability of state durations. Then
a sequence of mel-cepstral coeﬃcients and log F0 values in-

is maximized with respect to o, where q = {q1 , . . . , qT } is the
state, T is the number of frames in the observation vector
sequence. We assume that the speech parameter vector ot
consists of the M-dimensional static feature vector
ct = [ct (1), ct (2), . . . , ct (M)]

(2)

and 1, . . . , (D − 1)-th order dynamic feature vectors, that is


ot = ct , ∆(1) ct , . . . , ∆(D−1) ct ,

(3)

where ∆(d) ct is the d-th dynamic feature vector given by
(d)

∆ ct =
(d)

L+


w(d) (τ)ct+τ ,

(4)

τ=−L−(d)

w(d) (τ) is a window coeﬃcient for calculating the d-th dynamic feature. Accordingly, when each state output probability distribution is assumed to be a single Gaussian distribution, P (o | q, λ) is given by
P (o | q, λ) =

T






N ot | µqt , Σqt = N o | µ q , Σ q ,

(5)

t=1

where µqt and Σqt are the DM ×1 mean vector and the DM ×
DM covariance matrix, respectively, associated with qt -th

state, and
µq
µqt
∆(d) µqt
Σq
Σqt
∆ Σqt
(d)



= µq1 , µq2 , . . . , µqT


= ∆(0) µqt , ∆(1) µqt , . . . , ∆(D−1) µqt


= ∆(d) µqt (1), ∆(d) µqt (2), . . . , ∆(d) µqt (M)


= diag Σq1 , Σq2 , . . . , ΣqT


= diag ∆(0) Σqt , ∆(1) Σqt , . . . , ∆(D−1) Σqt


= diag ∆(d) Σqt (1), ∆(d) Σqt (2), . . . , ∆(d) Σqt (M) .

Conditions (4) can be arranged in a matrix form:
o = W c,

(6)

where


c = c1 , c2 , . . . , cT

(7)


(8)
W = [W1 , W2 , . . . , WT ] ⊗ I M×M
 (0) (1)

(D−1)
Wt = wt , wt , . . . , wt
(9)


(d)
(d)
(d)
wt = 0, . . . , 0, w(d) (−L− ), . . . , w(d) (L+ ), 0, . . . , 0 ,
 
 


T − t+L+(d)

t−L−(d) −1

(10)
L−(0)

L+(0)

=
= 0, and w (0) = 1. It is obvious that Eq. (5) is
maximized when o = µ q , that is, the speech parameter vector sequence becomes a sequence of the mean vectors. This
is a result of the independence assumption of state output
probabilities of the HMM. To avoid this problem, we use
the constraints between static and dynamic features. Under
the constraints Eq. (6), maximizing Eq. (5) with respect to
o is equivalent to that with respect to c. By setting

These constraints should be used not only in the synthesis
part but also in the training part. This inconsistency may
degrade the quality of synthetic speech. Recently, we have
proposed a statistical model, called trajectory-HMM [11].
It has been derived from the standard HMM under the constraints between static and dynamic features and it can solve
above inconsistency.
By introducing the condition Eq. (6) into Eq. (5), the
output probability of an observation vector sequence o (one
of training data) for an standard HMM λ can be rewritten as
a function of c as follows:


P (W c | q, λ) = N W c | µ q , Σ q


= K q · N c | c̄ q , P q ,
(15)
where c̄ q , P q and K q are a mean vector corresponding to
an utterance, a covariance matrix corresponding to an utterance, and normalization constant independent of c, respectively. They are given as follows:
c̄ q = P q r q

−1
P q = W  Σ−1
q W
Kq =

(2π) MT P q
(2π)DMT Σ q

(16)
(17)

1   −1

· exp − µ q Σ q µ q − r q P q r q .
2

(0)

∂ log P (W c | q, λ)
= 0,
∂c

Under the condition Eq. (6), we should regard c rather
than o as the random variable of the statistical model. From
Eq. (15), we may define P (c | q, λ) by


(19)
P (c | q, λ) = N c | c̄ q , P q .
As a result, we obtain a new statistical model

P (c | q, λ) P (q | λ) ,
P (c | λ) =

(11)

we obtain a set of equations
Rq c = rq ,

(12)

−1
R q = W  Σ−1
q W = Pq

(13)

where
r q = W  Σ−1
q µq .

(18)

(14)

By solving Eq. (12), we can obtain the static feature vector
sequence c maximizing Eq. (5) under the constraints given
by Eq. (6).
3.2. Derivation of trajectory-HMM
However, the constraints between static and dynamic features given by Eq. (5) are used only in the synthesis part.

(20)

all q

to which we refer as “trajectory-HMM” [11]. Interestingly,
the mean vector sequence c̄ q given by Eq. (16) is exactly the
same as the speech parameter vector sequence c obtained
by solving Eq. (12). Thus, maximization of Eq. (19) can
be considered as minimization of the error between training
data c and generated speech parameter vector sequence c̄ q .
In the next section, we describe the training algorithm of the
trajectory-HMM based on a maximum likelihood criterion.
4. TRAINING ALGORITHM
In common with the HMM training, the EM algorithm may
be used for the trajectory-HMM training. The auxiliary
function for the trajectory-HMM can be written as

 


P (q | c, λ) log P c, q | λ ,
(21)
Q λ, λ =
all q

where λ is a set of current parameters and λ is a new one.
It can be shown that by substituting λ which maximizes
Eq. (21) for λ, the likelihood increases unless λ is a critical point of the likelihood. Unfortunately, it is intractable
to calculate Eq. (21) because the output probability depends
on entire state sequence. To avoid this diﬃculty, we apply
the single state sequence approximation (Viterbi approximation). As a result, the problem is broken down into the
following maximization problems:
(22)

λ = arg max P (c, q̂ | λ) .

(23)

λ

4.1. Optimizing the trajectory-HMM parameters
First, we solve the maximization problem of Eq. (23). This
problem is equivalent to maximizing
1
log P (c | q, λ) = − MT log(2π) − log R q
2

(24)
+ c R q c + rq P q r q − 2r q c
with respect to
m=




µ1 , µ2


. . . , µN

−1
−1
φ = Σ−1
1 , Σ2 , . . . , Σ N

Next, we discuss the maximization problem of Eq. (22).
Based on the approximation
q̂ = arg max P (c, q | λ)
q

= arg max
q

1
P (o, q | λ)
Kq

≈ arg max P (o, q | λ) ,
q

q̂ = arg max P (c, q | λ)
q

4.2. Obtaining most likely state sequence

(33)
(34)
(35)

we can use the Viterbi algorithm for the HMM. However,
this approximation reduces the accuracy of the state alignment. To overcome this problem, an algorithm to obtain
sub-optimal state sequence by using time-recursive likelihood computation and the Viterbi search with delayed decision has been derived in [12].
4.3. Training procedure
Training procedure of the trajectory-HMM can be summarized as follows:
1. Initialize trajectory-HMM parameters by HMM parameters;



(25)
(26)

where N is the total number of trajectory-HMM states.
By setting
∂ log P (c | q, λ)
= 0,
(27)
∂m
we obtain a set of linear equations
Sq W P qW  S q Φ−1 m = Sq W c

(28)

2. Select an initial state sequence for each training data by the
Viterbi algorithm;
3. Update m by solving Eq. (28) according to the given state
sequences;
4. Update φ by the steepest descent algorithm using Eq. (32)
according to the given state sequences;
5. Find state sequences by the algorithm proposed in [12];
6. If the model likelihood for the training data has not converged, go to step 3, otherwise stop iteration;

for determination of m maximizing Eq. (24), where
Φ−1 = diag (φ)
µq = Sq m
Σ−1
q



= diag S q φ

(29)
(30)

5.1. Experimental conditions

(31)

We used first 1096 sentences from CMU ARCTIC database
[16] uttered by a male speaker AWB for training. Speech
signals were sampled at a rate of 16 kHz and windowed
by a 25-ms Blackman window with a 5-ms shift, and melcepstral coeﬃcients were obtained by a mel-cepstral analysis technique. Fundamental frequency (F0 ) values were
extracted by the ESPS get f0 for at 5-ms intervals. Feature vector consisted of spectrum and F0 parameter vectors:
the spectrum parameter vector consisted of 25 mel-cepstral
coeﬃcients including the zeroth coeﬃcient, their delta and
delta-delta coeﬃcients, and the F0 parameter vector consisted of log F0 , its delta and delta-delta. We used 5-state
left-to-right with noskip HMM structure.
In this work, the following contextual factors were taken
into account:

and S q is a DT × DMN matrix whose elements are 0 or 1 determined according to the state sequence q. The dimensionality of Eq. (28) is DMN: although it could be tens of thousands, it is still small enough to solve the set of linear equations using currently available computational resources.
For maximizing Eq. (24) with respect to φ, we apply a
steepest descent algorithm using the first derivative

∂ log P (c, q | λ) 1 
= S q diag−1 W P qW  − W ccW 
∂φ
2

+ 2µ q cW  + W c̄ q c̄q W  − 2µ q c̄q W 
(32)
because Eq. (32) is not a quadratic function of φ.

5. EXPERIMENT
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Fig. 2. Generated spectra for a sentence fragment “tropic land”

• phoneme:
- {before preceding, preceding, current, succeeding, after succeeding} phoneme
- position of current phoneme in current syllable
• syllable:
number of phonemes at {preceding, current, succeeding} syllable
{stress1 , accent2 } of {preceding, current, succeeding} syllable
position of current syllable in current {word, phrase}
number of {preceding, succeeding} {stressed, accented} syllables in
current phrase
- number of syllables {from previous, to next} {stressed, accented}
syllable
- vowel within current syllable

-

• word:
-

guess at part of speech of {preceding, current, succeeding} word
number of syllables in {preceding, current, succeeding} word
position of current word in current phrase
number of {preceding, succeeding} content words in current phrase
number of words {from previous, to next} content word

• phrase:
- number of syllables in {preceding, current, succeeding} phrase
- position in major phrase
- ToBI endtone of current phrase
• utterance:
- number of {syllables, words, phrases} in current utterance

These contextual factors were extracted using feature
extraction functions of the Festival speech synthesis system
1 The lexical stress of the syllable as specified from the lexicon entry
corresponding to the word related to this syllable.
2 An intonational accent of the syllable predicted by a CART tree (0 or
1).
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Fig. 3. Preference scores

[17] from the utterance information included in the database.
We applied a decision-tree based context clustering technique based on an MDL criterion [18] to distributions for
spectrum, F0 , and state duration. For spectrum and F0 , decision trees were constructed for each state position. The
resultant trees for spectrum, F0 , and state duration had 978,
1180, and 449 leaves in total, respectively.
5.2. Experimental results
To compare the eﬀects of the training algorithm for the quality of synthetic speech, we constructed 3 acoustic models
trained by diﬀerent algorithms. First, we trained the HMMs
by using the Baum-Welch (EM) algorithm (model parameters maximizing Eq. (1) were estimated). Then we constructed the trajectory-HMMs by the algorithm described
in Section 3 using the Baum-Welch trained HMMs as ini-

tial models (model parameters maximizing Eq. (19) were
estimated). To investigate the eﬀect of the Viterbi approximation, we also trained the HMMs by the Viterbi training using the Baum-Welch trained HMMs as initial models (model parameters maximizing Eq. (5) were estimated).
Both the trajectory-HMMs and the Viterbi trained HMMs
were not iteratively estimated and the model parameters in
the F0 part were not updated. Therefore, synthesized F0
patterns and durations from these 3 models were exactly the
same.
Figure 2 shows the sequences of speech spectra calculated from the generated mel-cepstrum vectors from the
Baum-Welch trained HMMs, the Viterbi trained HMMs,
and the trajectory-HMMs for a sentence fragment “tropic
land” taken from a sentence not included in the training
data. It is seen from Fig. 2, formant structure of the sequence of speech spectra generated from the trajectory-HMMs
gets clearer than that from other models.
To evaluate the eﬀectiveness of the trajectory-HMM training, subjective listening test was conducted. We compared
the quality of the synthesized speech generated from the
Baum-Welch trained HMMs, the Viterbi trained HMMs,
and the trajectory-HMMs by paired comparison tests. Subjects were 8 persons, and presented a pair of synthesized
speech from diﬀerent models in random order and then asked
which speech sounded more natural. For each subject, 20
test sentences were chosen at random from 42 test sentences
not contained in the training data sentence set.
Figure 3 shows the preference scores. It can be seen
from the figure that the use of the trajectory-HMM training improved the quality of synthetic speech. Although the
Viterbi approximation was used both in the Viterbi training and the trajectory-HMM Viterbi training, the quality of
synthetic speech generated from the trajectory-HMMs was
better than that from the Viterbi trained HMMs. It indicates
that this improvement was achieved by the introduction of
the trajectory-HMM training, not by the Viterbi approximation.

6. CONCLUSION
In the present paper, we introduced a trajectory-HMM which
we had proposed into the training part of the HMM-based
speech synthesis system. Experimental results showed that
the use of trajectory-HMM training improved the quality of
the synthesized speech.
Future work includes applying the trajectory-HMM training not only for the spectrum part but also the F0 part. The
synthesized speech generated by the latest system can be
found at [19].
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