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Abstract
In this paper, we propose a statistical generative model of funda-
mental frequency (F0) contours that incorporates a phrase struc-
ture of Japanese (“bunsetsu”), and apply this model to control
of the focus point in a sentence. Fujisaki model is a math-
ematical model that formulates F0 contours as the superpo-
sition of phrase and accent components, considering the con-
trol mechanism of vocal fold vibration. In the Fujisaki model,
model parameters are closely related to linguistic information.
Thus, flexible and interpretable conversion of F0 contours cor-
responding to linguistic information is achieved by changing the
model parameters. Recently, a method of treating the Fujisaki
model as a stochastic model has been proposed. In this method,
the model parameters are inferred from observed F0 contours
by a maximum likelihood manner. However, since there are no
constraints of linguistic information in inference, unnatural pa-
rameters are occasionally estimated. In the proposed method,
occurrence of phrase commands is linked to the boundaries of
bunsetsu, and then the Fujisaki model parameters and phrase
structure correspond to each other. It enables simultaneous
modeling of two different F0 contours in every bunsetsu unit.
The proposed modeling can be applied to pairs of neutral and
focused utterances, and it enables bunsetsu-by-bunsetsu focus
control . Experimental results show that the proposed method
achieved reasonable control of focus in 74% accuracy rate com-
pared with natural speech. Though there is room for improve-
ment in naturalness, the proposed scheme achieves interpretable
conversion of prosody.
Index Terms: speech F0 contours, Fujisaki model, hidden
Markov model, EM algorithm

1. Introduction
The fundamental frequency (F0) of speech conveys various
kinds of information such as linguistic, non-linguistic and para-
linguistic information. These kinds of information are ex-
pressed not in a frame, but in a relatively long time structure,
such as a word or a clause. In statistical parametric speech syn-
thesis, F0 contours are often modeled by using hidden Mar-
cov models (HMM) or deep neural networks (DNN) [1, 2, 3],
which process F0 contours in a frame-by-frame manner. While
these frameworks have an advantage that they can use the raw
F0 value as a training data directly, they inherently handle few
information of time structure, and have difficulty in capturing
long time structures. Speech synthesis model utilizing recurrent
neural networks (RNN) or end-to-end synthesis models implic-
itly incorporate time structures. However, these models does
not explicitly tie linguistic information to model parameters.
Thus, there is no guarantee that they exactly represent physi-
cal phenomena such as vocal fold vibration [4, 5].

On the other hand, Fujisaki model is one of the solutions
to these issues, since it formulates the process of generating

F0 contours of human speech and directly models both time
structure and the relationship between linguistic information
and parameters of the model [6]. In this model, F0 contours in
logarithmic scale are described as the superposition of phrase
and accent components. These components correspond to the
pitch variations of phrase units and those of accent units, re-
spectively. Since the Fujisaki model incorporates the process
of human speech with an explicit formula, it has an advan-
tage to generating natural F0 contours. Another advantage of
handling F0 contours in the Fujisaki model framework is that
we can obtain clear relationship between generated F0 contours
and their background linguistic information. Hence, the frame-
work enables flexible and interpretable control of prosodic fea-
tures. Namely, for example, we can impose a focus on a spe-
cific word, by increasing magnitude of the corresponding accent
command [7].

Recently, a stochastic model of speech F0 contours has
been proposed by translating the Fujisaki model into a proba-
bilistic generative model [8]. This model expresses the process
to generate a sequence of phrase and accent commands as a
stochastic process represented by HMM. In this model, the Fu-
jisaki model parameters are automatically estimated from ob-
served F0 contours in a maximum likelihood manner. In ad-
dition, as an extension of this stochastic model, a method of
converting an F0 contour of a speaker to that of another speaker
has been studied [9]. Though these stochastic models are pow-
erful framework, they adopt naive HMM topologies. Thus, the
advantage of the Fujisaki model that it explicitly incorporates
the relationship between linguistic information and model pa-
rameters, is not sufficiently utilized. Imposing some linguistic
restriction to the HMM topologies makes the framework much
more effective.

In this paper, we propose a stochastic model incorporat-
ing bunsetsu, which is a phrase structure of Japanese. In this
model, a bunsetsu is utilized as a minimal unit in which the
HMM topologies are controlled, and the occurrence of phrase
commands is linked to the boundary of bunsetsu. This model
enables simultaneous modeling of two different F0 contours
in every bunsetsu unit and can be applied to the modeling of
neutral and focused utterances. This paper also investigates the
method of converting an F0 contour of a neutral utterance to
that of an utterance in which a target bunsetsu is focused, by
applying the simultaneous modeling.

The rest of this paper is organized as follows: Section 2
briefly introduces the original Fujisaki model and its expan-
sion to statistical modeling. Section 3 describes the proposed
stochastic model incorporating bunsetsu. Section 4 presents the
experimental evaluations. Section 5 concludes this paper.
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Figure 1: The state transition topology of Fujisaki model com-
mands. p, a, r denotes phrase states, accent states, rest states,
respectively.

2. Generative Model of Speech F0 Contours
2.1. Fujisaki Model

The original Fujisaki model formulates an F0 contour in log-
arithmic scale, y(t), where t is time, as the superposition of a
phrase component xp(t), an accent component xa(t) and a base
component xb:

y(t) = xp(t) + xa(t) + xb. (1)

The phrase component xp(t) represents long-scale pitch varia-
tions over the duration of prosodic units, and the accent com-
ponent xa(t) represents relatively short-scale pitch variations
in accent units. xb is a constant value which represents the
lower bound of the speaker’s logF0. The phrase component
is generated by a second-order, critically-damped linear filter
in response to an impulse-like phrase command up(t), while
the accent component is generated by another second-order,
critically-damped linear filter in response to a stepwise accent
command ua(t):

xp(t) = Gp(t) ∗ up(t), (2)
xa(t) = Ga(t) ∗ ua(t). (3)

In the equation, ∗ denotes convolution over time, and Gp(t),
Ga(t) are described as

Gp(t) =

{
α2te−αt (t ≥ 0)

0 (t < 0)
, (4)

Ga(t) =

{
β2te−βt (t ≥ 0)

0 (t < 0)
, (5)

where α, β are natural angular frequencies of the two second-
order systems. It is generally said that α = 3.0 rad/s and β =
20.0 rad/s can be used as default values [8].

2.2. Stochastic Model of F0 Contours

A method of modeling the generative process of speech F0 con-
tours based on a discrete-time version of Fujisaki model has
been proposed [8]. Multiple constraints are required in the orig-
inal Fujisaki model; 1) phrase and accent commands should be
impulse sequences and rectangular pulses, respectively. 2) Both
of the commands are non-negative, and 3) they are not allowed
to overlap with each other. In order to meet these requirements,

Table 1: The parameters to define the HMM.

Output sequence: {u[k]}Kk=1

State sequence: {sk}Kk=1

Output distribution: P (u[k] | sk) = N (u[k];µ[k],Σ[k])

µ[k] =





(0, 0)⊤ (sk ∈ r0, r1)

(A
(m)
p , 0)⊤ (sk ∈ pm)

(0, A
(n)
a )⊤ (sk ∈ an)

Transition probability: ϕi′,i = P (sk = i | sk−1 = i′)

the up[k] and ua[k] pair, i.e., u[k] = (up[k], ua[k])
⊤ was

treated as a model parameter, using a hidden Markov model
(HMM). u[k] was modeled as the output of the HMM illus-
trated in Figure 1. The output distribution of each HMM state
is a Gaussian distribution

u[k] ∼ N (u[k];µ[k],Σ[k]) , (6)

where sk denotes the HMM state in discrete-time k and µ[k] =
(µp[k], µa[k])

⊤,Σ[k] = diag(v2p, v
2
a) are the mean vector and

the covariance matrix of u[k], respectively: Thus, the HMM
to generate the command sequence is defined by the parame-
ters shown in Table 1. The output sequence of the above HMM
up[k], ua[k] is then convoluted with different second-order fil-
ters Gp[k] and Ga[k], respectively, to generate the phrase and
accent component xp[k], xa[k]:

xp[k] = up[k] ∗Gp[k], (7)
xa[k] = ua[k] ∗Ga[k], (8)

where ∗ denotes convolution over k and Gp[k], Ga[k] are the
discrete-time representation of (4) and (5), respectively. The
logarithmic F0 contour is then described as

x[k] = xp[k] + xa[k] + xb, (9)

where xb denotes the lower bound of the logF0 contour. Gen-
erally, in a stochastic process, it is regarded that observations in-
clude a uncertainty. In the case of the generation process of F0,
observed F0 contours reflects this uncertainty. In order to incor-
porate this uncertainty of observed F0 contours, an observed F0

contour y[k] is modeled as the superposition of the above x[k]
and a noise component xn[k] ∼ N

(
0, vn[k]

2
)
:

y[k] = x[k] + xn[k]. (10)

By marginalizing xn[k] out, the probability density function of
y = {y[k]}Kk=1, given u = {u[k]}Kk=1, can be written as fol-
lows:

P (y | u) =
K∏

k=1

N
(
y[k];x[k], v2n[k]

)
,

(11)

where x[k] is derived from (7)-(9).

2.3. Statistical Vocabulary Model of Fujisaki Model Com-
mands

In the stochastic model of F0 contours introduced in Section
2.2, the generated patterns of the Fujisaki model commands,
i.e., phrase and accent commands, are restricted by the state
transition topology of HMM. Since the restriction was limited
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Figure 2: The state transition topology in statistical vocabulary
model. Transition is restricted by templates. p, a, r denotes
phrase states, accent states, rest states, respectively.

only to the condition of the original Fujisaki model described
in Section 2.2, however, the model sometimes generates param-
eters that are invalid in terms of linguistic structure. Statisti-
cal vocabulary model has been proposed to improve this naive
restriction by incorporating linguistic structure to the HMM
topologies [10]. In this model, the state transition topology
of HMM was changed as illustrated in Figure 2. This model
handles the sequence of the Fujisaki model commands as con-
nections of “template”, a left-to-right HMM that consists of one
phrase state and one or two following accent states. Compared
to the original topology, longer-scale unit of pronunciation is di-
rectly modeled, which is linguistically more reasonable. Phrase
structures are extracted from multiple sentences in the vocab-
ulary model, while model parameters are estimated indepen-
dently sentence by sentence in the original model.

2.4. Simultaneous Generative Model of Multiple F0 Con-
tours

In statistical mapping such as voice conversion utilizing Gaus-
sian mixture models (GMM), conversion from input features
to output ones is achieved by constructing a joint generative
model of these two features. Similarly to this approach, a gen-
erative model that simultaneously generates two different F0

contours and its application to the conversion of F0 contours
has been proposed [9]. In this generative model, a pair of par-
allel F0 contours (y(A),y(B)) from different two speakers or
speaking styles are treated simultaneously in the same topol-
ogy of HMM as that illustrated in Figure 1, while the out-
put distribution is modeled by joint Gaussian. Namely, the
probability density function of two speakers’ phrase and ac-
cent command u(A)[k] = (u

(A)
p [k],u

(A)
a [k])⊤, u(B)[k] =

(u
(B)
p [k],u

(B)
a [k])⊤ are formulated as

P
(
u(A)[k]

∣∣∣ sk
)
= N

(
u(A)[k];µ[k](A),Σ[k](A)

)
, (12)

P
(
u(B)[k]

∣∣∣ sk
)
= N

(
u(B)[k];µ[k](B),Σ[k](B)

)
. (13)

Note that sk is shared between speaker A and B, while the mean
vector µ[k] and covariance matrix Σ[k] are treated separately.
Using this model, conversion of an F0 contour y(A) to that of
a different speaker or a speaking style y(B) can be achieved by

maximizing the conditional likelihood described in [9].

3. Bunsetsu-Incorporated Simultaneous
Generative Model of Multiple F0 Contours

3.1. Bunsetsu-Incorporated Statistical Vocabulary Model

This section describes a stochastic generative model of F0 con-
tours that explicitly incorporates a phrase structure of Japanese,
which is called bunsetsu. In an ideal Fujisaki model, model
parameters and linguistic information completely correspond to
each other. However, once the parameters are estimated from
observed F0 contours, this correspondence is not always satis-
fied. Although the stochastic model introduced in Section 2.2 is
a powerful scheme to estimate the model parameters, it still has
difficulty in meeting this correspondence well. Ideally speak-
ing, generative models for F0 contours should balance the flex-
ibility of the stochastic model and the transparency of linguistic
information in the forward process of the Fujisaki model.

The statistical vocabulary model in Section 2.3 tries to in-
corporate linguistic structures in the stochastic framework. In
that model, a sequence of the HMM states called template is
introduced to the topologies of HMM as a representation of lin-
guistic structures. Although this model tries to utilize linguistic
information, its ability to link model parameters to linguistic in-
formation is still limited because there is no explicit restriction
from the linguistic structures.

The proposed model aims to achieve the correspondence
between phrase commands and phrase structures, by explicitly
utilizing bunsetsu information. Bunsetsu information becomes
seeds of the templates of HMM topologies. In this model, the
template and bunsetsu are in one-to-one correspondence and
phrase commands are allocated only to the beginning of each
template (each bunsetsu). For simplification, phrase state is al-
ways allocated in every beginning of bunsetsu. To represent a
bunsetsu that has no phrase command, some templates that have
a phrase command of 0 magnitude are prepared.

3.2. Simultaneous Generative Model of Multiple F0 Con-
tours for Focus Control

This section proposes a generative model of a pair of F0 con-
tours that can be utilized for focus control. Focus control is
important to convey information appropriately, especially when
a part of utterance should be stressed, and it can be achieved
by controlling F0 contours [7]. In order to achieve a conver-
sion of a F0 contour, such as neutral to focused, a joint gen-
erative model is necessary, as described in Section 2.4. In the
simultaneous generative model of multiple F0 contours, a pair
of parallel F0 contours were modeled simultaneously and it en-
abled conversion of F0 contours into another speaker or speak-
ing styles.

By integrating this conversion method with the proposed
model introduced in Section 3.1, control of F0 contours in ev-
ery bunsetsu unit can be achieved, and focus control can be re-
garded as an expansion of this bunsetsu-by-bunsetsu control.
The proposed model targets F0 conversion from an utterance
without any focus (neutral utterance) to an utterance with a fo-
cus in one of the bunsetsu (focused utterance).

Similarly to Section 2.4, we treat a pair of commands
u[k] = (uN[k],uF[k]) as a model parameter, where uN[k] =
(uN

p [k],u
N
a [k])

⊤ are the phrase and accent commands of a neu-
tral utterance, and uF[k] = (uF

p [k],u
F
a [k])

⊤ are those of a fo-
cused utterance. uN[k] and uF[k] are assumed to be normally
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Table 2: The parameters to define the HMM of the proposed
method.

Output sequence: {u[k]}Kk=1

State sequence: {sk}Kk=1

Output distribution: P
(
ui[k]

∣∣ sk
)
= N

(
ui[k];µ[k]i,Σ[k]i

)

µ[k]i =





(0, 0)⊤ (sk ∈ r0, r1)

(A
i(mp)
p , 0)⊤ (sk ∈ pmp)

(0, A
i(ma)
a )⊤ (sk ∈ ama)

Mean sequence: {µ[k] = µ[k]}Kk=1

Transition probability: ϕi′,i = P (sk = i | sk−1 = i′)

distributed:

ui[k] ∼ N
(
ui[k];µ[k]i,Σ[k]i

)
, (14)

where i ∈ {N,F} and µ[k]i,Σ[k]i denote the mean vec-
tor and the covariance matrix of ui[k]. The mean vector of
the HMM output is µ[k] = (µN[k],µF[k]), where µi[k] =
(µi

p[k], µ
i
a[k])

⊤.
For focus control, it is convenient to directly treat the dif-

ference of commands’ magnitude of neutral utterances and
focused utterances [7]. Therefore, we regard the difference
µd[k] = µF[k] − µN[k] as an estimated model parameter in-
stead of µF[k]. In order to model the different properties in
bunsetsu with/without focus (d0, d1), we separately treat these
properties, and describe µF[k] as

µF[k] =

{
µN[k] + µd0[k] (k ∈ focus)

µN[k] + µd1[k] (k /∈ focus)
, (15)

where focus denotes the group of time that corresponds to fo-
cused bunsetsu in phone alignment. Consequently, the proposed
HMM can be defined by the parameters shown in Table 2.

3.3. Process of Parameter Optimization

Here, we derive an algorithm for training the model parame-
ters u and θ = {AN(mj)

j , A
d0(mj)

j , A
d1(mj)

j }Mj

mj=1, where j ∈
{p, a} and Mj denotes the number of state j, by locally maxi-
mizing P (u,θ | y), utilizing Expectation-Maximization (EM)
algorithm. By introducing s as a latent variable, P (u,θ | y)
can be written as

P (u,θ | y) =
∑

s

P (u, s,θ | y)

c
=

∑

s

P (y | u)P (u | s,θ)P (s), (16)

where c
= denotes equal except constant values. (16) can be max-

imized by introducing the following Q-function:

Q(u,θ,u′,θ′) =
∑

s

P
(
s
∣∣ y,u′,θ′) logP (u, s,θ | y)

c
= logP (y | u) +

∑

s

P
(
s
∣∣ y,u′,θ′) logP (u | s,θ)P (s)

= logP
(
yN

∣∣∣ uN
)
+ logP

(
yF

∣∣∣ uF
)

+
∑

s

P
(
s
∣∣ y,u′,θ′) (logP

(
uN

∣∣∣ s,θ
)
P
(
uF

∣∣∣ s,θ
)
P (s)

)
.

(17)

The u and θ that locally maximize P (u,θ | y) are ob-
tained, by calculating P (s | y,u′,θ′) (E-step) and increasing
Q(u,θ,u′,θ′) as to u, θ (M-step) alternately. In the E-step,
the occupation count P (sk = t | y,u′,θ′) are calculated us-
ing Viterbi approximation. Viterbi path is calculated only using
the neutral utterance for two reasons. First, considering the fact
that s is estimated only by the neutral utterance when an F0 con-
tour is converted, it is more natural to obtain s from the neutral
utterance when training. Second, this causes uN to take a closer
value to µN than using uF in addition, and stabilizes the value
of θ and u. Viterbi approximation is used instead of Forward-
Backward algorithm, because it is convenient to meet the con-
straint that phrase state is always allocated in every beginning
of bunsetsu. In the M-step, we can derive the lower bound func-
tion of Q(u,θ,u′,θ′) by using the Jensen’s inequality. Then,
by differentiating the lower bound function by ui

j [l], the esti-
mated values are obtained as

ui
j [l] =

∑
t

P(sl=t|y,u′,θ′)µi
j,t[l]

v2
j,t

+
∑K

k=l

yi[k]Gj [k−l]

vi
n[k]

2

∑
t

P (sl=t|y,u′,θ′)
v2
j,t

+
∑K

k=l

Gj [k−l]2

vi
n[k]

2λ
j
j,k,l

.

(18)
Next, θ = {AN(mj)

j , A
d0(mj)

j , A
d1(mj)

j }Mj

mj=1 is updated by

A
N(mj)

j =

∑K
k=1

∑
t∈jmj

P(sk=t|y,u′,θ′)uN
j [k]

v2
j,t∑K

k=1

∑
t∈jmj

P (sk=t|y,u′,θ′)
v2
j,t

, (19)

A
d0(mj)

j =

∑
k∈focus

∑
t∈jmj

P(sk=t|y,u′,θ′)(uF
j [k]−µN

j,t)

v2
j,t∑

k∈focus

∑
t∈jmj

P (sk=t|y,u′,θ′)
v2
j,t

,

(20)

A
d1(mj)

j =

∑
k/∈focus

∑
t∈jmj

P(sk=t|y,u′,θ′)(uF
j [k]−µN

j,t)

v2
j,t∑

k/∈focus

∑
t∈jmj

P (sk=t|y,u′,θ′)
v2
j,t

.

(21)

3.4. Process of Training Statistical Vocabulary Model

The HMM topologies of statistical vocabulary model are com-
plicated as shown in Figure 2. Hence, it is essential to stabilize
the training. In the proposed model, a coarse-to-fine strategy
was adopted. Namely, this model achieves stable training pro-
cess by gradually increasing the number of templates. The de-
tailed process is as follows:

1. Initially, two templates (A, B) were prepared. Both of
them consist of one phrase state, one rest state and one
accent state. In A, Ap was fixed at 0.

2. Template C was added based on template B. C has one
phrase and one rest state which were copied from B, and
two accent states both of which were copied from B.

3. All existing templates were duplicated and two identical
Ap were replaced by Ap− δp and Ap+ δp, respectively.

4. All existing templates were duplicated and two identical
Aa were replaced by Aa − δa and Aa + δa, respectively.

5. 3. and 4. were executed alternately.

HMM was retrained step by step in the above process.
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3.5. Process of Focus Control

After training the HMM through the process proposed in Sec-
tion 3.3 and Section 3.4, the conversion of F0 contours are exe-
cuted as follows:

ŷF =arg max
yF

P
(
yF

∣∣∣ yN,θ
)

=arg max
yF

∫ ∑

s

P
(
yF

∣∣∣ uF,θ
)
P
(
uF

∣∣∣ s,θ
)

P
(
s
∣∣∣ uN,θ

)
P
(
uN

∣∣∣ yN,θ
)
duNduF. (22)

For simplification, the above equation can be approximated by
replacing the integral of u and the summation of s with the
maximum values:

ŷF =arg max
yF

P
(
yF

∣∣∣ ûF,θ
)
P
(
ûF

∣∣∣ ŝ,θ
)

P
(
ŝ
∣∣∣ ûN,θ

)
P
(
ûN

∣∣∣ yN,θ
)
, (23)

s.t.

ûN = arg max
uN

P
(
uN

∣∣∣ yN,θ
)
,

ŝ = arg max
s

P
(
s
∣∣∣ ûN,θ

)
,

ûF = arg max
uF

P
(
uF

∣∣∣ ŝ,θ
)
.

(23) is equivalent to the maximization about uN, s,uF,yF in
order. The best ûN is calculated by (18), running the EM algo-
rithm with θ fixed. Then, ŝ is calculated using ûN and Viterbi
algorithm. ûF is the mean sequence from ŝ and ŷF can be ob-
tained by ûF and (7)-(9).

4. Experiments of Focus Control
4.1. Experimental Conditions

In order to evaluate the performance of the proposed method, an
experiment of focus control was carried out. As materials, utter-
ances from a female narrator were recorded. From 503 phoneti-
cally balanced sentences in ATR Japanese speech database [11],
50 sentences in subset A (a01-50) was selected. Since each sen-
tence includes multiple bunsetsu, utterances in neutral style and
with a focus on a specific bunsetsu were uttered by the narrator.
Finally, 171 utterances (50 utterances are in neutral style, and
121 utterances include a focus) were utilized. A parallel data
between a neutral utterance and a focused utterance were de-
rived by dynamic time warping (DTW) of Mel-cepstra extracted
by SPTK 1. The parallel utterances were divided into 10 groups,
A (a01-a05), B (a06-a10), · · · , J (a46-a50). Four groups (A, B,
C, and D) were selected for evaluation. To generate the test
utterances, one group was selected and the remaining groups
were used for training the HMM models for the selected group.
Note that each selected group was not included in the groups
for training. F0 contours were extracted using the method in
[12]. The initial values of u were set at the values obtained by
Narusawa’s method [13], shifting the position of phrase com-
mand to the nearest start time of bunsetsu, which is obtained by
forced alignment with phoneme sequence. The constant param-
eters were fixed at t0 = 8 ms, α = 3.0 rad/s, β = 20.0 rad/s,
v2p = 0.32, v2a = 0.12, v2n[k] = 1015 for unvoiced regions and

1http://sp-tk.sourceforge.net

Figure 3: The above figure shows the result of F0 conversion us-
ing a Japanese sentence, which is “arayuru genjitsuwo subete
jibunno hoe nejimagetanoda” in Japanese. The natural neu-
tral F0 contour “measured nF0” is approximated by “estimated
nF0” and then converted to “estimated fF0” in which the first
bunsetsu “arayuru” is focused. The gray scale range represents
unvoiced regions. The below figure shows the phrase and accent
commands of “estimated fF0”.

v2n[k] = 0.032 for voiced regions. xb was set at the minimum
logF0 of voiced regions of neutral utterances. δp, δa were set
at 0.1 times vp, va, respectively. The number of the iterations
in each step in the process in Section 3.4 was set at 5.

We converted F0 contours of neutral utterances to those of
focused utterances by the constructed HMM. When we conduct
the conversion, EM algorithm was run 3 times, fixing the val-
ues of θ. The utterances were generated by WORLD vocoder
[14] with the converted F0 contours and the spectral envelopes
extracted from the input neutral utterances.

We also carried out an evaluation of the naturalness and the
focused position of each voice, to subjectively evaluate the syn-
thesized voices. The voices for evaluation consisted of natural
or synthesized and neutral or focused utterances. Subjects were
9 native Japanese speakers. Each subject listened to the voices
in random order and evaluated each voice. The naturalness of
voices was evaluated by mean opinion score (MOS) of 5 point
scale. For evaluation of the performance of focus control, the
subjects were asked to point out which the focused bunsetsu is
in target utterances. A choice that there is no focus in the ut-
terance is permitted. The accuracy rate was calculated as the
comprehensibility of the focused position.

4.2. Experimental Results

Figure 3 shows an example of the result of the converted F0

contour. From this figure, it can be said that estimated focused
F0 is higher than estimated neutral F0 in the focused bunsetsu,
“arayuru” in Japanese, while it is slightly lower in other bun-
setsu. These characteristics were observed in most of the con-
verted F0 contours. This fact demonstrates that the proposed
model can achieve focus control in every bunsetsu unit.

Table 3 shows the results of the naturalness in MOS. In the
table, the naturalness of synthesized speech is inferior to that of
natural speech. It can also be said that focused utterances are
less natural than neutral utterances in synthesized speech. This
may be caused by the method of conversion discussed in Section
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Table 3: Naturalness of natural speech and synthesized speech
with 95% confidence intervals.

Utterance Type Natural Speech Synthesized Speech

Neutral 4.407± 0.082 3.117± 0.191
Focus 4.127± 0.093 2.756± 0.074

Table 4: Accuracy rate of focused position for focused utter-
ance. pc, pn and pi represent the rate of selecting correct fo-
cused position, no focused position, incorrect focused position,
respectively.

Pattern Natural Speech Synthesized Speech

pc 0.59 0.44
pn 0.18 0.22
pi 0.23 0.34

3.5. In Section 3.5, ûN is obtained regarding to P (uN|yN),
while ûF is calculated as the mean vector from ŝ, which is the
summation of µN and µd. Since there is one more process
to obtain ûF, it gets more unstable than ûN. It indicates that
there is room for improvement in the naturalness of synthesized
speech.

Table 4 shows the accuracy rate of focused position for fo-
cused utterances. In the table, pc, pn and pi represent the rate
of selecting correct focused position, no focused position, incor-
rect focused position, respectively. Although it is expected that
pc occupies almost 100 % in natural speech, it occupies only
59% of the result. This result shows that it is not an easy task for
listeners to identify the focused bunsetsu in natural speech com-
munication. In the synthesized speech, 74% (= 0.44/0.59) in
accuracy rate was achieved compared with natural speech. It
indicates that the proposed scheme achieved reasonable conver-
sion of prosody. From intuition, the differences of command
amplitudes in focused bunsetsu were expected to be positive,
while those in non-focused bunsetsu to be slightly negative val-
ues. Actually the trained model included some parameters that
had the opposite trends. This shows the diversity of the repre-
sentation of the focus information, and it should be investigated
in further works.

5. Conclusions
This paper has proposed a stochastic generative model of F0

contours incorporating bunsetsu, which is a phrase structure of
Japanese. The proposed model combines the powerful stochas-
tic generative model of F0 contours with information of linguis-
tic structure, by restricting the occurrence position of phrase
commands to the every beginning of bunsetsu. This model
makes it possible to handle two different F0 contours simulta-
neously, conditioned by bunsetsu unit. In this paper, the model
was applied to pairs of neutral and focused utterances, and en-
abled focus control in every bunsetsu unit. Experimental eval-
uations demonstrated that the proposed model can achieve rea-
sonable focus control of F0 contours in 74% accuracy rate of
focus position compared with natural speech.

On the other hand, there are further works that should be
improved in the proposed model. For example, the simultane-
ous generative model assumes that parallel data has the same
command in the same time and only the magnitude differs. In
real speech, the accent of word occasionally changes when a

focus is placed on a bunsetsu. Thus, a model that incorporates
the information of accent type and accent connection should be
investigated. Also, integration of the proposed scheme with the
frame-wise modeling such as DNN or HMM is another further
work to be investigated.
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