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Abstract
In standard approaches to hidden Markov model (HMM)-based
speech synthesis, window coefficients for calculating dynamic
features are pre-determined and fixed. This may not be opti-
mal to capture various context-dependent dynamic character-
istics in speech signals. This paper proposes a data-driven
technique to estimate the window coefficients. They are op-
timized so as to maximize the likelihood of trajectory HMMs
given data. Experimental results show that the proposed tech-
nique can achieve a comparable performance with the mean-
and variance-updated trajectory HMMs in the naturalness of
synthesized speech, while offering significantly lower compu-
tational cost.
Index Terms: HMM-based speech synthesis, dynamic features,
trajectory HMM

1. Introduction
As a statistical parametric approach to text-to-speech (TTS)
synthesis, HMM-based speech synthesis systems have been
well developed during recent years [1]. In this approach, spec-
trum, excitation and duration of speech are simultaneously
modeled in a unified framework of context-dependent HMMs
[2]. Dynamic features (delta and delta-delta coefficients) [3]
are used to capture the dynamic characteristics in speech sig-
nals and modeled as well as static features in this framework.
A speech parameter generation algorithm [4] was proposed to
solve the problem of generating the most probable static feature
vectors from HMMs under the constraints between static and
dynamic features. Although this framework achieved good per-
formance, there is an inconsistency between model training and
parameter generation. Model training ignores the relationship
between static and dynamic features, while parameter genera-
tion explicitly uses it.

To address this issue, several approaches have been pro-
posed. The trajectory HMM was derived from the HMM by
imposing explicit relationships between static and dynamic fea-
tures [5]. It can solve the inconsistency between training and
parameter generation in a unified framework. The parameter
reestimation formulae of trajectory HMMs based on the maxi-
mum likelihood (ML) criterion were also derived [5]. The min-
imum generation error (MGE) training [6] was proposed to re-
estimate the parameters of HMMs by minimizing a defined er-
ror between generated speech parameters and training samples.

† This work was mostly finished when the first author was a visiting
student of Nagoya Institute of Technology, Nagoya, Japan.

‡ Presently, the third author is with Toshiba Research Europe Ltd.,
Cambridge Research Lab., Cambridge, UK.

Actually the MGE training is equivalent to estimating trajec-
tory HMM parameters so as to minimize a defined error, e.g.,
the MGE training of HMMs with the Euclidean distance [6] is
equivalent to minimum mean square error (MMSE) estimation
of trajectory HMMs, and the MGE training of HMMs with the
log spectral distortion (MGE-LSD) [7] is equivalent to mini-
mum mean log-spectral distance (MMLSD) estimation of tra-
jectory HMMs.

However, most of the previous techniques have focused on
reestimating the mean and variance parameters of state-output
distributions. Window coefficients for calculating dynamic fea-
tures are pre-determined and fixed both at model training and
parameter generation stages. There are only a few study on win-
dow coefficients for calculating dynamic features, e.g., [8, 9].
This paper proposes a data-driven technique to estimate these
window coefficients so as to maximize the likelihood of tra-
jectory HMMs given data. Experimental results show that the
proposed technique can achieve the similar performance with
the trajectory HMMs whose mean and variance parameters are
reestimated, while offering the significantly lower computa-
tional cost.

The rest of this paper is organized as follows: Section 2 re-
views trajectory HMMs. Section 3 describes the proposed tech-
nique for estimating the window coefficients. Section 4 shows
experimental results. Concluding remarks are given in the final
section.

2. Trajectory HMM
2.1. Definition

A trajectory HMM Λ gives the probability distribution over a
static feature vector sequence c =

[
c⊤1 , . . . , c

⊤
T

]⊤
given a label

sequence l = {l1, . . . , lL} as

p (c | l,Λ) =
∑
∀q

p (c | q,Λ) P (q | l,Λ) , (1)

p (c | q,Λ) = N (c ; c̄q,Pq) , (2)

P (q | l,Λ) = P (q1 | l,Λ)
T∏

t=2

P (qt | qt−1, l,Λ) , (3)

where ct is the M -dimensional static feature vector at frame
t, T is the number of frames in c, li is the i-th label, L is the
number of labels in l, q = {q1, . . . , qT } is a state sequence
(latent variable), and qt is the state at frame t. The mean vector
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and covariance matrix of Eq. (2) are respectively given by

c̄q = Pqrq, (4)

Pq = R−1
q = (W⊤Σ−1

q W )−1, (5)

rq = W⊤Σ−1
q µq, (6)

µq =
[
µ⊤

q1 , . . . ,µ
⊤
qT

]⊤
, (7)

µqt =
[
∆(0)µ⊤

qt ,∆
(1)µ⊤

qt ,∆
(2)µ⊤

qt

]⊤
, (8)

Σq = diag [Σq1 , . . . ,ΣqT ] , (9)

Σqt = diag
[
∆(0)Σqt ,∆

(1)Σqt ,∆
(2)Σqt

]
, (10)

∆(d)µqt =
[
∆(d)µqt(1), . . . ,∆

(d)µqt(M)
]⊤

, (11)

∆(d)Σqt = diag
[
∆(d)σ2

qt(1), . . . ,∆
(d)σ2

qt(M)
]⊤

, (12)

where µn and Σn correspond to the mean vector parameter and
covariance matrix parameter associated with the n-th state out-
put distribution, ∆(d)µn and ∆(d)Σn correspond to the mean
vector parameter and covariance matrix parameter for the d-th
dynamic features associated with the n-th state output distribu-
tion, and ∆(d)µn(m) and ∆(d)σ2

n(m) correspond to the m-th
element and (m,m)-th element of ∆(d)µn and ∆(d)Σn. W is
a 3MT × MT window matrix that appends dynamic features
to c. This window matrix W is defined as

W =
[
W̄1, W̄2, . . . , W̄T

]⊤ ⊗ IM×M , (13)

W̄t =
[
w

(0)
t ,w

(1)
t ,w

(2)
t

]
, (14)

w
(0)
t =

[
0, . . . , 0︸ ︷︷ ︸

t−1

, 1, 0, . . . , 0︸ ︷︷ ︸
T−t

]⊤
, (15)

w
(1)
t =

[
0, . . . , 0︸ ︷︷ ︸
t−L

(1)
− −1

, w(1)(−L
(1)
− ), . . . ,

w(1)(0), . . . , w(1)(L
(1)
+ ), 0, . . . , 0︸ ︷︷ ︸

T−
(
t+L

(1)
+

)
]⊤

, (16)

w
(2)
t =

[
0, . . . , 0︸ ︷︷ ︸
t−L

(2)
− −1

, w(2)(−L
(2)
− ), . . . ,

w(2)(0), . . . , w(2)(L
(2)
+ ), 0, . . . , 0︸ ︷︷ ︸

T−
(
t+L

(2)
+

)
]⊤

. (17)

2.2. Model Training

Because the exact inference of trajectory HMMs via the
expectation-maximization (EM) algorithm is intractable, ap-
proximate inference based on the Viterbi (single-path) approxi-
mation is often used. It is performed in two steps:

q̂ = argmax
q

p (c, q | l,Λ) , (18)

Λ̂ = argmax
Λ

p (c, q̂ | l,Λ) . (19)

In the first step step of Eq. (18), a time-recursive likelihood
computation and Viterbi search with delayed decision [5] are
adopted to obtain a sub-optimal state sequence. In the second
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Figure 1: Factorize W as A times B, A has a block diagonal
structure, B has the same structure as W .

step of Eq. (19), the parameters are reestimated so as to maxi-
mize the log likelihood given data, L(Λ; c, q). It is given as

L(Λ; c, q) = −1

2

{
MT log(2π)− log |Rq|

+ c⊤Rqc+ r⊤
q Pqrq − 2rqc

⊤
}
. (20)

3. ML estimation of window coefficients
As shown in Section 2.1, the window matrix W has a block
structure shown in the left-hand side of Fig. 1. Under the stan-
dard setting for calculating delta and delta-delta features

∆(0)ct = ct, (21)

∆(1)ct =
1

2
(ct+1 − ct−1), (22)

∆(2)ct = ct+1 − 2ct + ct−1, (23)

each block, except the first and the last, is a 3M × 3M matrix
given as

Wt =

 0 IM×M 0
− 1

2
IM×M 0 1

2
IM×M

IM×M −2IM×M IM×M

 . (24)

However, this configuration in the standard approach may not
be optimal because pre-determined values for computing dy-
namic features may not be appropriate for all context-dependent
models. Besides, dynamic characteristics of different contex-
tual environments should be different, and only one set of win-
dow coefficients may be insufficient for capturing these charac-
teristics. On the other hand, in each row of the first M rows of
Wt, only one element is set to 1, and the others are all set to 0,
this leads to the last issue mentioned in Section 1.

To address this problem, this paper proposes a data-driven
technique to estimate these window coefficients. Each square
block Wt of W can be factorized as

Wt = At Bt, (25)

where both At and Bt are square matrices, Bt is constant while
At varies with time. As a result, the window matrix W can be
factorized as

W = AB. (26)

The structure of factorization is shown in Fig. 1, where A =
diag [A1,A2, . . . ,AT ], and B has exactly the same block
structure as W . B is a constant window matrix that is given
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manually. It augments the MT -dimensional static feature vec-
tor sequence to a 3MT -dimensional vector. Each block of B
can be set to the same one as the standard W , or diagonal, or
any other coefficients that can include the information of cur-
rent, preceding and succeeding frame. {At}t are required to be
estimated.

The parameter Ψ is defined by concatenating all the unique
At as

Ψ = [A1,A2, . . . ,AK ]⊤, (27)

where K is the total number of all unique window coefficient
matrices. By substituting Eq. (26) into Eq. (20) and taking the
first partial derivative with respect to Ψ, we obtain

∂L(Λ; c, q)

∂Ψ
=

1

2
S⊤

q diag−1
3M

[
Σ−1

q

{
AB(Pq − cc⊤

+ c̄q c̄
⊤
q )B

⊤ + µq(c− c̄q)B
⊤
}]

, (28)

where Sq is a 3MT ×NT matrix, whose elements are 0 or 1,
that align Ψ to A according to the state sequence q. A gradi-
ent method such as limited memory BFGS method [10] can be
applied for optimizing Ψ.

3.1. Discussion

It is known that the inter-frame precision (inverse covariance)
matrix of the trajectory HMM [5] has the same structure as the
extended maximum likelihood linear transform (EMLLT) [11].
For notation simplicity, the dimensionality of the static feature
vector M is assumed to be 1. From Eqs. (5), (13) and (14), the
inter-frame precision matrix of the trajectory HMM Rq can be
rewritten as

Rq = P−1
q = W⊤Σ−1

q W (29)

=

T∑
t=1

2∑
d=0

1

∆(d)σ2
qt(1)

w
(d)
t

⊤
w

(d)
t . (30)

It can be seen from the equation that the T ×T inter-frame pre-
cision matrix Rq is represented as a weighted sum of 3T rank-1

symmetric matrices w(d)
t

⊤
w

(d)
t . In the general EMLLT frame-

work, both basis weights and basis vectors, {∆(d)σn(1)}n,d

and {w(d)
t }t,d in this case, are estimated. However, the ML es-

timation technique of the trajectory HMM derived in [5] updates
only mean and variance parameters of state-output distributions,
i.e., only the basis weights, {∆(d)σn(m)}n,d, of EMLLT are
updated. The proposed technique gives a way to estimate the
window coefficients matrix W . From the EMLLT point of
view, this is updating the basis vectors, {w(d)

t }t,d. Therefore,
it is expected that the proposed technique can provide a better
inter-frame precision matrix which captures the temporal corre-
lation more accurately.

4. Experiments
4.1. Experimental conditions

We used a data set consisting of 503 sentences, uttered by a pro-
fessional male speaker MHT, from the ATR Japanese speech
database B-set to evaluate the performance of the proposed
technique. Phonetically balanced 450 sentences were selected
for model training, and the remaining 53 sentences were used
for evaluation. The speech signals were sampled at a rate of
16 kHz, and windowed by a 25 ms Blackman window with a
5 ms frame shift for calculating speech parameters.

24-order mel-cepstral coefficients [12] including the zero-
th coefficients were used as spectral features. Fundamental
frequency (F0) values were extracted using the ESPS get f0
method. We used context dependent tri-phone HMMs for this
experiment, each HMM had a 5-state left-to-right structure
without skip, and each stream-output distribution for spectral
features was a single Gaussian distribution with diagonal co-
variance matrix. Stream-level parameter sharing structure was
built using the decision tree-based context clustering [13] based
on the minimum description length (MDL) criterion [14].

In this experiment, we only studied the window coefficients
on spectral models. logF0 and duration for speech synthe-
sis were generated using the traditional ML estimated mod-
els, i.e., estimated based on the ML criterion as HMMs rather
than trajectory HMMs. For simplicity, the factorized window
matrices for each frame, {At} shared the same parameter ty-
ing structure with stream-output distributions for spectral mod-
els, which means, each distribution of the clustered context-
dependent model was accompany by a factorized window ma-
trix. Although Ψi can be a 3M ×3M matrix, in the implemen-
tation Ψ was estimated dimension by dimension (3 × 3 square
matrix for each dimension).

Updating of mean and variance parameters of trajectory
HMMs took about two days, while updating window matrices
took half a day, on the same computational environment.

4.2. Experimental results

4.2.1. Objective evaluation

Average log likelihood per frame (Eq. (20) per frame) was used
as the objective measurement. It was calculated over both train-
ing and test sets. While calculating the log likelihood over the
test set, the speech parameters of the test utterances were given,
and the state sequence for the test utterance were obtained by
the delay decision Viterbi algorithm in the same way as that for
training. In this experiment, four systems were compared:

· Std HMM: ML-estimated standard HMMs (without im-
posing explicit relationships between static and dynamic
features);

· Trj-MV: ML-estimated trajectory HMMs whose mean
and variance parameters associated with stream-output
distributions were updated;

· Trj-W: ML-estimated trajectory HMMs whose window
coefficient parameters were updated;

· Trj-MV-W: ML-estimated trajectory HMMs whose
mean, variance, and window coefficient parameters were
simultaneously updated, which means, both the param-
eters were updated at each iteration of parameter reesti-
mation.

Figure 2 shows the average log likelihoods of the four sys-
tems over the training and test sets. It can be seen from the
figure that the inconsistency between training and parameter
generation leads to much smaller log likelihood for Std HMM.
Although updating mean and variance parameters (Trj-MV)
or window coefficient parameters (Trj-W) gave significant in-
crease in log likelihood compared with Std HMM, simultane-
ously updating both of them (Trj-MV-W) gave only a small
increase from Trj-MV and Trj-W.

4.2.2. Subjective evaluation

A preliminary subjective listening test showed that it was dif-
ficult to tell the difference between Trj-MV and Trj-MV-W.
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Figure 2: Average log likelihood per frame of four systems.

Therefore we conducted a paired-comparison preference test
among three systems: Std HMM, Trj-MV and Trj-W. The nat-
uralness of synthesized speech generated from the three systems
were evaluated over 53 test sentences. Eight subjects partici-
pated in the test. For each subject, 40 sentences were randomly
chosen from the evaluation sentences. Orders of pairs and sam-
ples were also randomized. Before starting the test, the subjects
listened to speech samples of one sentence to become familiar
with the task. This sentence was randomly chosen for each sub-
ject and excluded from the actual test. After listening to each
test sample, the subjects were asked to choose their preferred
one forcedly.

Test results are shown in Figure 3. It can be seen from the
figure that the preference scores of Trj-W and Trj-MV were al-
most the same, and they were both significantly better than that
of Std HMM. Although the log likelihood of Trj-MV was bet-
ter than that of Trj-W, their preference scores were almost the
same. It suggests that the estimating context-dependent win-
dow coefficients is more computationally efficient than updat-
ing state-output distributions as Trj-W required significantly
smaller computational time than Trj-MV and Trj-MV-W.

5. Conclusion
This paper proposed a data-driven technique to estimate win-
dow coefficients for calculating dynamic features. The context-
dependent window coefficients were optimized so as to max-
imize the likelihood of trajectory HMMs given data. It can
enhance the model ability to capture the context-dependent
dynamic characteristics in speech signals. Experimental re-
sults showed that the proposed technique achieved compara-
ble performance with the mean- and variance-updated trajectory
HMMs, while offering lower computational time.

Future work includes the application of the proposed tech-
nique to update window matrices of the product of experts
(PoE)-based speech synthesis systems [15]. Large-scale eval-
uation is also necessary.
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