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Abstract
This paper describes spontaneous dialogue speech synthe-
sis based on multiple-regression hidden semi-Markov model
(MRHSMM), which enables users to specify paralinguistic in-
formation of synthesized speech with a dimensional representa-
tion. Paralinguistic aspects of synthesized speech are controlled
by multiple regression models whose explanatory variables are
abstract dimensions such as pleasant-unpleasant and aroused-
sleepy. For robust estimation of the regression matrices of the
MRHSMM with unbalanced spontaneous dialogue speech sam-
ples, the re-estimation formulae were derived in the framework
of the maximum a posteriori (MAP) estimation. The result of a
perceptual experiment confirmed that the naturalness of synthe-
sized speech was improved by applying the MAP estimation for
regression matrices. In addition a high correlation (R ≃ 0.7)
wasobserved between given and perceived paralinguistic infor-
mation, which implies that the proposed method could success-
fully reflect intended paralinguistic messages on the synthesized
speech.
Index Terms: HMM-based speech synthesis, spontaneous
speech, paralinguistic information, UU Database, MRHSMM,
MAP estimation

1. Introduction
Conversational speech is much harder to synthesize than read-
style speech because it contains not only linguistic information
but also the speaker’s attitude, intention and emotional state,
which is referred to as paralinguistic information. Smooth com-
munication is achieved by utilizing both linguistic and paralin-
guistic information. Therefore, in order to synthesize sponta-
neous dialogue speech, it is necessary to control paralinguistic
information.

The corpus-based approach is a promising way, to reflect
paralinguistic information on synthesized speech. For exam-
ple, one study [1] attempted to control the speaking style and
emotional expression of synthesized speech in the HMM-based
speech synthesis framework.

In previous studies on controlling paralinguistic informa-
tion for speech synthesis, paralinguistic information had been
specified by categories such as “angry” and “sad.” However,
in daily conversation, emotion in the narrow sense such as “an-
gry” and “sad” is rarely expressed, and so it is difficult to spec-
ify a huge variety of paralinguistic information by categories.
Nevertheless, most previous studies assumed some categorical
representation such as angry or sad, and relied on read or acted
“emotional” speech samples.

On the other hand, the UU Database [2] is a spoken di-
alogue corpus developed mainly for understanding the usage,

structure, and effect of paralinguistic information in expressive
Japanese conversational speech. In the UU Database, paralin-
guistic information that is perceived from dialogue speech is
described by abstract dimensions. These dimensions are related
to the speaker’s emotional state, interpersonal relationship and
attitude. By using abstract dimensions rather than category, a
wide variety of paralinguistic information can be described.

This paper proposes a method of controlling paralinguistic
information in dialogue speech synthesis by using dimensions,
based on the multiple-regression hidden semi-Markov model
(MRHSMM). In the MRHSMM, the mean parameters of output
and duration distribution for an HSMM are assumed to be ex-
pressed by a multiple regression model using a low-dimensional
vector as explanatory variables. By using the MRHSMM, the
speaker’s emotional expression and speaking style can be con-
trolled in synthesized speech. Previous studies used style- or
emotion-specific corpora in parallel with a neutral corpus for
training MRHSMMs [3, 4]. These speech corpora were acted
ones in which the style and emotion were designated. How-
ever, because the goal of this study is to synthesize natural and
spontaneous speech, speaking style and emotion cannot be des-
ignated intentionally. Therefore, we use perceived paralinguis-
tic information as the explanatory variables, employing abstract
dimensions provided by the UU Database. Furthermore, the
regression matrices for the MRHSMM are estimated using the
maximum a posteriori (MAP) criterion in this study because the
distribution of paralinguistic information tends to be sparse in a
spontaneous dialogue speech corpus.

2. Spontaneous Dialogue Speech Corpus
The UU Database [2] is a speech corpus for studying linguistic
and phonetic phenomena in expressive spoken dialogue. The
database consists of natural dialogues spoken by seven pairs of
college students. The task of the dialogues is “four-frame car-
toon sorting.” Thanks to the amusing nagure of the task, the
database is characterized by a wide variety of recorded expres-
sive dialogue speech.

A major feature of the UU Database is that paralinguis-
tic information represented by a six-dimension vector is given
for each utterance. The dimensions are pleasantness, arousal,
dominance, credibility, interest and positivity. The reasons for
choosing these dimensions were explained in detail in [2] refer-
ring to psychological literature; what the dimensions actually
represent is as follows. Pleasantness and arousal are dimen-
sions which represent mainly the emotional state of the speaker.
Dominance and credibility are dimensions which represents the
interpersonal relationship between the speakers. Interest and
positivity are dimensions which represent the speaker’s attitude.
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In the UU Database, paralinguistic information was annotated
by three qualified annotators on a 7-point scale for each dimen-
sion. For example, for the dimension of pleasantness, 1: ex-
tremely unpleasant, 2: very unpleasant, 3: somewhat unpleas-
ant, 4: neutral, 5: somewhat pleasant, 6: very pleasant and 7: ex-
tremely pleasant.

3. MRHSMM-based Speech Synthesis
3.1. Paralinguistic Information Control Using MRHSMM

We briefly describe MRHSMM-based speech synthesis. We as-
sume that the i-th state output distribution bi(o) and duration
distribution pi(d) of HSMM are single Gaussian distributions
characterized by mean vector µi and diagonal covariance ma-
trix Σi, and mean mi and variance σ2

i , respectively:

bi(o) = N (o;µi,Σi), (1)
pi(d) = N (d;mi, σ

2
i ), (2)

where o is the observation vector and d is the duration of staying
in the state i. In MRHSMM-based speech synthesis, we assume
that the mean vector of the output distribution and the mean of
the duration distribution at each state are represented by affine
transformations as

µi = Hbiξ, (3)
mi = Hpiξ, (4)

ξ = [1, v1, v2, · · · , vL]⊤ = [1,v⊤]⊤, (5)

where ξ is a vector called the control vector, v is a vector
formed by the explanatory variables in the regression model,
and Hbi and Hpi are M×(L+1)- and 1×(L+1)-dimensional
multiple regression matrices. M is the dimensionality of the ob-
servation vector.

In our framework, paralinguistic information of the synthe-
sized speech is controlled by using the dimensions described in
Sect. 2 as the control vector:

ξ = [1, vpleasantness, varousal, · · · ]. (6)

3.2. MAP Estimation of Regression Matrix for MRHSMM

In the traditional MRHSMM-based speech synthesis, regression
matrices are learned in the maximum likelihood (ML) criterion.
However, if the models are to be trained with a spontaneous
dialogue speech corpus, the distribution of paralinguistic infor-
mation tends to be sparse due to the following reason. As the
result of decision tree-based clustering, segments that are as-
signed to the same leaf node tend to be similar not only linguis-
tically but also paralinguistically because there is a strong re-
lationship between paralinguistic information and acoustic fea-
tures. This implies that paralinguistically distant segments are
easily split into different nodes. The problem is inevitable as
long as a spontaneous dialogue speech corpus is used and can
not be solved merely by increasing the training data.

In order to address this problem, we examined the effec-
tiveness of the MAP estimation for regression matrices. Previ-
ous work introduced a MAP-like method to estimate regression
matrices for MRHSMMs [4]. This paper, however, describes
a more sophisticated method for estimating regression matrices
derived according to the MAP criterion. Given a set of training
data {O(1), · · · ,O(K)} and their corresponding paralinguistic
information {v(1), · · · ,v(K)}, the MAP estimation is achieved

by maximizing the following auxiliary function,

Qbi(λ, bi) =
K∑

k=1

Tk∑
t=1

t∑
d=1

γd
t (i)

t∑
s=t−d+1

log bi(o
(k)
s |Hbi ,v

(k))

+ logP (Hbi), (7)

where Tk is the number of frames of the k-th observation se-
quence O(k), ok

s is the observation vector at time s in O(k),
and γd

t (i) is the state occupation probability, i.e. the probability
of being in state i during the period of time from t − d + 1 to
t given O(k). P (Hbi) is the matrix normal distribution, which
is defined as follows:

P (Hbi) = (2π)−
M(L+1)

2 |Ωbi |
−M

2 |Φbi |
−L+1

2 ·

exp

{
−1

2
tr (Hbi −W bi)

⊤ Ω−1
bi

(Hbi −W bi)Φ
−1
bi

}
,

(8)

where W bi , Ωbi and Φbi are M×(L+1)-, M×M - and (L+
1) × (L + 1)-dimensional matrices, respectively. In addition,
we assume that Φ is I(L+1) (the unit matrix). By differentiating
Eq. (7) with respect to Hbi and equating the result to zero, we
obtain

K∑
k=1

T∑
t=1

t∑
d=1

γd
t (i)

t∑
s=t−d+1

Σ−1
i o(k)

s ξ(k)⊤+ΩbiW bi

=
K∑

k=1

T∑
t=1

t∑
d=1

γd
t (i)·d·Σ−1

i Hbiξξ
⊤+Ω−1

bi
Hbi . (9)

By setting Ωbi to Ωbi = τ−1
out Σ, we obtain the re-estimation

formula for Hbi as follows:

Hbi =

{
K∑

k=1

T∑
t=1

t∑
d=1

γd
t (i)

t∑
s=t−d+1

o(k)
s ξ(k)⊤+τoutW bi

}
·

{
K∑

k=1

T∑
t=1

t∑
d=1

γd
t (i)·d ·ξ(k)ξ(k)⊤+τoutΦbi

}−1

, (10)

where τout is a hyperparameter. Similarly, we obtain the re-
estimation formula for the mean parameter of duration distri-
bution:

Hpi =

{
K∑

k=1

T∑
t=1

t∑
d=1

γd
t (i) · d · ξ(k)⊤ + τdurW pi

}
·

{
K∑

k=1

T∑
t=1

t∑
d=1

γd
t (i)ξ

(k)ξ(k)⊤ + τdurΦpi

}−1

, (11)

where τdur is a hyperparameter that is used when estimating the
regression matrix of duration distribution.

4. Training and Synthesis
A part of the UU Database consisting of seven sessions in which
a female speaker (FTS) participated was used as training and
test data, each of which consists of 589 and 95 utterances, re-
spectively. Because speaker FTS is one of the most emotional
speakers in the UU Database, we consider her voice to be the
most suitable for this first trial. Speech signals were sampled at
a rate of 16 kHz and windowed by a 25-ms Hamming window
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Figure 1: Synthesized f0 contours for different emotional
states.

Figure 2: Synthesized f0 contours for different emotional
states.

with a 5-ms shift. The spectral parameter was the 25th order
mel-cepstral coefficients.

The model was a 5-state left-to-right MRHSMM with di-
agonal covariance. The control vector in the MRHSMM con-
sisted of the dimensions of pleasantness and arousal, which
have been used in many other projects such as HUMAINE [5]
(positive/negative and active/passive). The initial matrix re-
quired to re-estimate the regression matrix was determined us-
ing the method according to [6].

The matrix W bi in Eq. (10) is the mean of prior density,
and can be inherited from the estimated regression matrix of the
parent node in the context-clustered tree [7]. In this paper, we
approximated W bi as the sum of the ML-estimated regression
matrices of the target and its sibling node, weighted by the num-
ber of contexts that belong to each node. W pi in Eq. (11) was
estimated in a similar manner. τout and τdur was set to 1.

Figure 1 shows the f0 contour of the utterance of “/uN/
(yeah)” synthesized, where (5, 3), (5, 4), (5, 5) were given as
the values for (pleasantness, arousal). As the value of arousal
gets higher, the overall f0 contour rises. This result matches
the intuitive interpretation that an utterance with higher pitch is
perceived as a more aroused one. In addition, Fig. 2 shows the
f0 contour of the utterance “/soHdayone/ (that’s true, isn’t it)”
synthesized, where (3, 3), (4, 3) and (5, 3) were given. In this
case, the f0 contour did not change much in the first part of the
utterance. On the other hand, in the part of “/ne/,” the change
of f0 was prominent. The “/ne/” is a postpositional particle
conveying the affirmative attitude of the speaker, and intuitively

Figure 3: The spectrum of a part of synthesized speech in the
ML and the MAP methods.

speaking, its prominence reflects the degree of affirmation or
admiration. The example shown in Fig. 2 is therefore reason-
able in this respect.

Next, we discuss the effectiveness of the MAP estimation of
regression matrices. In the ML method, the regression matrix
with an extreme coefficient could be estimated. For example,
Eq. (12) and Eq. (13) are the HMM parameters of the third state
for c3 of “/e/” in the utterance “/biHde/ (at B)” estimated by the
ML method and the MAP method.

µ
c3(ML)
3 = 1.76 + 0.04vpleasantness − 0.25varousal (12)

µ
c3(MAP)
3 = −0.06 + 0.05vpleasantness + 0.11varousal (13)

The constant term was estimated as an unreasonably large value.
This was due to the insufficient diversity in arousal values of
the training data for this state, i.e., the values happened to be
within a very limited range corresponding to high arousal. This
caused an unnaturally large c3 in synthesized parameters when
a lower arousal value was given. Figure 3 shows the spectrum
of “/e/” in the utterance where (3, 3) were given. The amplitude
exceeded 90 dB for the ML method, resulting in a synthesized
speech with a huge amplitude. On the other hand, the extreme
resonance was suppressed in the MAP method. Therefore, the
MAP method was expected to improve the naturalness of syn-
thesized speech, which was confirmed as described in the next
section.

5. Perceptual Evaluation
5.1. Experimental Conditions

In the subjective evaluation experiments, test utterances synthe-
sized by three methods were used as stimuli, i.e., ML, MAP-
like [4] and MAP (proposed). The training conditions were
the same as in Sect. 4. τout and τdur for the MAP-like method
were set to 1000 based on a preliminary experimental result.
Twenty utterances (approx. 53 words) were selected from the
FTS test set. Specified paralinguistic information was the five
combinations illustrated in Fig. 4. Note that the coordinates
(2, 2) and (6, 6) roughly correspond to emotional states such as
“sadness” and “joy,” respectively, according to the circumplex
model of emotion [8]. A large part of the training utterances
resides around these coordinates. Hence, the number of stimuli
was 3× 20× 5 = 300.

The proposed method was evaluated from two viewpoints:
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Figure 4: Given paralinguistic information values in synthesiz-
ing test stimuli.
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Figure 5: Distribution of mean opinion score for each methods
for regression matrix estimation.

naturalness and perceived paralinguistic information. The sub-
jects were eight college students.

5.2. Evaluation 1: Naturalness

The evaluation involved checking the naturalness of synthesized
speech. The subjects evaluated the naturalness on a 5-grade
scale: “1: unnatural,” “2: somewhat unnatural,” “3: neither,”
“4: somewhat natural,” and “5: natural.”

Figure 5 shows the histogram for the mean opinion score
(MOS) of naturalness evaluated by the subjects. The horizontal
axis of Fig. 5 represents the mean of the score that was evaluated
by the subjects for each utterance. This figure reveals that the
number of utterances with very low MOS (≤ 2.0) was small
when trained with the MAP (proposed) compared to the ML
and MAP-like methods. This implies that unnatural speech was
reduced by employing the proposed method. This result reflects
the effect of MAP estimation for the regression matrix, which
avoided generating extreme acoustic parameters.

However, the result also suggests that the MAP-like method
is insufficient for improving the quality of synthesized speech
with very low MOS. This is because the regression matrix in the
MAP-like method is given by the weighted sum of the mean of
prior and ML-estimated matrices, resulting in still unreasonably
large coefficients affected by overestimated parameters such as
in Eq. (12).

The average MOS over utterances for the ML method, the
MAP-like method and the MAP method was 2.87, 2.93 and
3.03, respectively. Although the difference between the ML
method and the MAP-like method was not significant (paired
t-test, t(99) = −1.75, p < .05), there was a significant differ-
ence (t(99) = −3.47, p < .05) between the ML method and

Table 1: Correlation coefficients between given paralinguistic
information values and averaged subjective evaluations.

Pleasantness Arousal
ML method 0.68 0.74

MAP-like method[4] 0.70 0.69
MAP (proposed) method 0.68 0.77

the MAP method. From this, it can be concluded that the nat-
uralness of synthesized speech was improved by the proposed
method.

5.3. Evaluation 2: Perceived Paralinguistic Information

The evaluation involved checking the perceived paralinguistic
information from synthesized speech. Prior to the evaluation,
the basic theory of emotion dimensions and the meanings of
each dimension were explained to the subjects. Then, the sub-
jects were asked to evaluate the perceived paralinguistic infor-
mation for each utterance on a 7-point scale, in the same way as
evaluating natural utterances in the UU Database [2]. They were
instructed to evaluate their impression of the speaker’s way of
speaking, not the spoken content itself.

Table 1 shows the results. The table shows the correlation
coefficients between given paralinguistic information and the
average of subjective evaluations. High positive correlations
were obtained between the given paralinguistic information and
averaged subjective evaluations for each method. Considering
also the naturalness improvement, it is concluded that the pro-
posed method reflected the intended paralinguistic information
in the synthesized speech equally well, without sacrificing nat-
uralness. As shown in Fig. 4, the degree of freedom of given
paralinguistic information in this experiment was limited to 1
so as to reduce the size of test stimuli. In the future, it is neces-
sary to examine the effects of two dimensions independently.

6. Conclusions
This paper described a method of paralinguistic information
control for spontaneous dialogue speech synthesis based on
the MRHSMM. By examining the synthesized speech, it was
confirmed that extreme acoustic parameters were suppressed in
synthesis by using the MAP estimation. In the perceptual eval-
uation experiment, we confirmed the effectiveness of the pro-
posed MAP method from the improvement of the naturalness
of synthesized speech. In addition, a high correlation between
given and perceived paralinguistic information was obtained,
which implies that paralinguistic information was effectively re-
flected in the synthesized speech.

In the curent approach, decision-tree clustering is per-
formed without regard to multiple regression modeling of par-
alinguistic information in the current framework. Building de-
cision trees that take MRHSMM parameters into account is a
future issue. In addition, the regression matrices were estimated
at the leaf node in this study. Recursive estimation of regression
matrices from the root node [7] should be considered for further
improvement.
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