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Abstract
This paper presents a technique for controlling and emphasizing
speaker characteristics of synthetic speech. The key idea comes
from the way of imitating voice by professional impersonators.
In the voice imitation, impersonators effectively utilize exagger-
ation of a target speaker’s voice characteristics. To model and
control the degree of speaker characteristics, we use a speech
synthesis framework based on multiple-regression hidden semi-
Markov model (MRHSMM). In MRHSMM, mean parameters
are given by multiple regression of a low-dimensional con-
trol vector. The control vector represents how much the target
speaker’s model parameters are different from those of the av-
erage voice model. By changing the control vector in speech
synthesis, we can control the degree of voice characteristics of
the target speaker. Results of subjective experiments show that
the speaker reproducibility of synthetic speech is improved by
emphasizing speaker characteristics.
Index Terms: HMM-based speech synthesis, speaker charac-
teristics, voice imitation, multiple-regression HSMM, style con-
trol

1. Introduction
HMM-based speech synthesis is becoming one of the promis-
ing approaches to adding speaker variability and style expres-
sivity into synthetic speech. By using HMM, we can easily
model various speakers’ characteristics, emotional expressions,
and speaking styles [1, 2]. However, the generated parameter
sequence tends to be flattened due to expectation process in the
model training, which leads to the reduction of speaker char-
acteristics in synthetic speech. To alleviate the over-smoothing
effect, several approaches have been proposed. For example,
in [3], a postfilter for the mel-cepstral vocoder was designed
to emphasize formants. A parameter generation algorithm was
also proposed considering global variance of speech features
[4].

In this paper, we examine an alternative approach to im-
proving the speaker reproducibility of synthetic speech gener-
ated from HMM. The idea comes from the way of imitating
voices by impersonators. It is well known that professional
voice impersonators effectively utilize exaggeration of a target
speaker’s voice characteristics [5]. From a view point of acous-
tic features, some specific parts of the spectrum, F0, and du-
ration sequences of speech are emphasized or modified. The
analysis of voice imitation or impersonation has been widely
reported for the research of speaker identification and entertain-
ment applications [6]-[8]. In [6], it was shown that the curve of
the prosodic features such as the intonation of a sentence is im-
portant in speaker imitation. In addition, it was reported that a
professional impersonater imitated a target speaker’s character-
istics by generating an F0 sequence with higher mean F0 than
that of the original speaker [8]. This implies that the global ex-
aggeration of the F0 pattern is sometimes effective in speaker
impersonation.

To control and emphasize speaker characteristics of syn-
thetic speech, we use a speech synthesis framework based on
multiple-regression hidden semi-Markov model (MRHSMM)
[9], which has been proposed for controlling the degree of styles
(e.g., emotional expressions and speaking styles) for synthetic
speech. In the MRHSMM-based style control, the mean param-
eters of output and state-duration probability density functions
(pdfs) of each state are expressed by multiple regression of a
low-dimensional control vector which represents the degree or
intensity of emotional expressions and speaking styles appear-
ing in speech. In addition, the spectral, F0, and duration are
simultaneously modeled based on multi-space probability dis-
tribution. We have shown from subjective evaluations that the
emotional expressions and speaking styles of synthetic speech
can be emphasized and exaggerated by changing the control
vector [9]. Moreover, the control is quite intuitive and can be
easily applied to other purposes such as voice quality control of
synthetic speech [10]. In this study, we use the control vector to
represent the degree or expressivity of a certain speaker’s voice
characteristics appearing in spectral and prosodic features. To
define the space of speaker characteristics, we utilized an av-
erage voice model [1] trained using multiple speakers’ speech
data as the origin of the space. We show results of subjective
experiments and discuss the effectiveness of the proposed tech-
nique.

2. Emphasis of speaker characteristics for
synthetic speech

2.1. Modeling of the degree of speaker characteristics based
on MRHSMM

In MRHSMM, output and state-duration pdfs of i-th state are
given by Gaussian pdfs, and the mean parameters of these pdfs
are assumed to be expressed as the multiple regression of a low-
dimensional vector as follows:

µi =Hbiξ (1)
mi =Hpiξ (2)

where µi and mi are the mean parameters of output and state-
duration pdfs at i-th state, respectively, and

ξ = [1, v1, v2, · · · , vL]> = [1, v>]> (3)

where v is a control vector which controls the degree or ex-
pressivity of speaker characteristics of each speaker. Hbi and
Hpi are regression matrices of dimension M × (L + 1) and
1× (L+1), and M and L are the dimensionalities of µi and v.
For the given training data {O(1), · · · , O(K)} and correspond-
ing control vectors {v(1), · · · , v(K)}, we can estimate the pa-
rameters of MRHSMM using an EM algorithm [9].
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Figure 1: An outline of the proposed technique.

2.2. Definition of speaker characteristics space based on av-
erage voice

In this study, we assume that the speaker characteristics of a
target speaker is characterized and quantified by how much the
target speaker’s acoustic features including prosodic features
are different compared to the average features of various speak-
ers. Hence, we use the average voice model [1] as the origin
of the speaker characteristics space. Although MRHSMM can
simultaneously model multiple speakers’ speech using multi-
dimensional speaker characteristics space, it would cause the
problem of multicolinearity in the model parameter estimation.
Therefore, we use a one-dimensional space of speaker charac-
teristics, and train MRHSMMs for respective speakers sepa-
rately. In the speaker characteristic space, the control vectors
of the average voice and the target speaker are positioned at the
origin and 1.0, respectively, on the axis as shown in Fig. 1.

2.3. MRHSMM-based speaker characteristic emphasis

An outline of the proposed technique is shown in Fig. 1. In
the model training, first, we train the average voice model and
the target speaker’s HSMM. Speech data of multiple speakers is
used for the training of the average voice model. Then, the ini-
tial MRHSMM is obtained from these models based on a least
squares method [9]. Here, the control vectors labeled for the
training data are set to 0.0 for speech data of the average voice
model, and 1.0 for target speaker’s data. The initial MRHSMM
is re-estimated using an EM algorithm.

In the speech synthesis stage, a sentence MRHSMM is cre-
ated by concatenating synthesis units represented by the trained
MRHSMM according to the label sequence obtained from a
given text. Then, the sentence MRHSMM is converted into a
sentence HSMM using (1) and (2). In preliminary experiments,
we found that the synthetic speech with v1 = 1.0 is almost the
same as that generated from the target speaker’s HSMM used
for the MRHSMM training. Hence, to emphasize the speaker

characteristics, the value of the control vector is set greater than
1.0. Finally, the synthetic speech is generated using an HMM-
based speech synthesis algorithm [11].

When the available training data of the target speaker is lim-
ited, it is difficult to estimate MRHSMM parameters with high
reliability. In this case, we use a model adaptation technique for
MRHSMM based on average voice model described in [12]. In
the technique, the target speaker’s HSMM in Fig. 1 is obtained
by using speaker adaptation from the average voice model. In
addition, the initial MRHSMM is refined using MAP-like adap-
tation instead of maximum likelihood estimation [12].

2.4. Modification of prosodic parameters using global
prosodic information

If the mean parameters of F0 and state-duration of the target
speaker’s HSMM vary considerably from those of the average
voice model by increasing the value of the control vector, the
global F0 level and speech rate of the resultant synthetic speech
would greatly differ from those of the unemphasized speech.
In the preliminary experiments, we found that this mismatch
sometimes causes the degradation of speaker reproducibility de-
pending on target speakers and results in unexpected synthetic
speech. In fact, Eriksson et al. showed that imitating global
mean F0 and speech rate was important in vocal impersonation
[7]. To alleviate the effect of the mismatch, we modify the
prosodic parameters when synthesizing speech as follows. The
generated log F0 parameter sequence is shifted so that the value
of mean log F0 over the utterance equals to that before em-
phasizing speaker characteristics. As for the duration, the total
length of the synthetic speech before the emphasis is used when
synthesizing emphasized speech. More specifically, the dura-
tion di of state i is calculated in advance from the total length T
of unemphasized synthetic speech using (4) and is used in the
speech parameter generation process of the emphasized speech:

di = mi + ρ · σ2
i (4)

where

ρ = (T −
N

X

i=1

mi)
‹

N
X

i=1

σ2
i (5)

and σ2
i is variance of the duration pdf at state i, and N is the

total number of states in the sentence HSMM.

3. Experiment
3.1. Experimental conditions

We used speech data uttered by two types of speakers: pro-
fessional narrators and non-professional speakers. Speech data
of two professional narrators (one male and one female) was
taken from the ATR Japanese speech database set B. Each
speaker uttered 503 phonetically balanced sentences. For the
non-professional speakers’ speech data, we used speech data of
one male and one female graduate students. Each speaker ut-
tered 100 sentences included in the above 503 sentences. For
the training of the gender-dependent average voice models, we
used speech data of five male/female professional speakers in-
cluding the target professional narrators. The training data of
average voice model was 453 sentences per speaker, 2265 sen-
tences for each gender. Speech signals were sampled at a rate
of 16kHz and windowed by a 25-ms Blackman window with
a 5-ms shift. The feature vector consisted of 25 mel-cepstral
coefficients including zeroth coefficient, log F0, and their delta
and delta-delta coefficients, 78 dimensional in total.

We used 5-state left-to-right MRHSMM with diagonal co-
variance matrices. In the labeling of training data, the context-
dependent phoneme labels including information on accent and
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Figure 2: Preference scores of speaker reproducibility for syn-
thetic speech.

mora were used. For the model parameter tying, decision trees
were constructed with five male/female speakers for average
voice model using shared-decision-tree-based context cluster-
ing [13]. When the target speaker was a professional narrator,
the tied MRHSMM was re-estimated using speech data of four
male/female speaker excluding the target speaker. For a non-
professional speaker’s case, the target speaker’s MRHSMM was
obtained using model adaptation from the average voice model
with 50 adaptation sentences. In the adaptation, we used a com-
bined method of constrained structural maximum a posteriori
linear regression (CSMAPLR) and MAP adaptation based on
HSMM [14]. There were seven subjects in all tests. For each
subject, eight test sentences were chosen at random from 50 test
sentences that were contained in neither the training nor adap-
tation data.

3.2. Subjective evaluation of speaker reproducibility by
XAB test

We evaluated the effect of speaker characteristics emphasis by
an XAB test. We used three types of synthetic speech sam-
ples; (a) v1 = 1.0 (unemphasized), (b) v1 = 1.5 (emphasized),
(c) v1 = 1.5 and modified using global prosodic information
(emphasized & modified). Subjects were presented with a pair
of speech samples in random order, and asked which sample
sounded more similar to a reference speech sample. The refer-
ence samples were vocoded speech of test sentences. The pref-
erence scores with a confidence interval of 95% for professional
and non-professional speakers are shown in Fig. 2. From the
figure, we can see that both of the proposed techniques signif-
icantly improved the speaker reproducibility in overall scores.
There is also significant difference between only emphasized
and emphasized & modified.

3.3. Subjective evaluation of speaker reproducibility by
MOS test

We also evaluated the proposed techniques by a MOS test. The
test samples were the same as those in the above experiment.
The rating was done using a 5-point scale; “5” for very sim-
ilar, “4” for similar, “3” for slightly similar, “2” for dissimi-
lar, and “1” for very dissimilar. The reference speech samples
were vocoded speech of test sentences. The results are shown in
Fig. 3 with a confidence interval of 95%. In the overall scores,
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Figure 3: MOS of speaker reproducibility for synthetic speech.

although there is not significant difference between only empha-
sized and emphasized & modified, we can see that both of the
proposed techniques significantly improved the speaker repro-
ducibility compared to the unemphasized case. To see how the
emphasis of speaker characteristics affected the acoustic fea-
tures, several examples of generated spectrum, F0, and duration
patterns are shown in Figs. 4, 5, and 6, respectively.

3.4. Discussion

Although the effect of the proposed technique would be similar
to that of the GV-based parameter generation or the postfilter-
ing, our approach is fundamentally different from them. The
GV and postfiltering techniques straightforwardly address the
over-smoothing problem by increasing the variability of spec-
trum or F0 sequence. In contrast, the proposed technique em-
phasizes only the prominent characteristics compared to the av-
erage voice, which would be closer to the voice imitating way
by human. Moreover, the duration feature is also emphasized
by using the proposed technique.

4. Conclusions
In this paper, we have proposed a technique for controlling
and emphasizing speaker characteristics of synthetic speech.
We utilized multiple-regression hidden semi-Markov model
(MRHSMM) whose effectiveness have been shown in style con-
trol of synthetic speech. In the proposed technique, the control
parameter of MRHSMM represents the degree or expressivity
of a target speaker’s voice characteristics. The control parame-
ter space was defined based on the average voice which was po-
sitioned at the origin. From the subjective evaluations, we have
shown that the speaker reproducibility was improved by empha-
sizing the speaker characteristics compared to unemphasized
speech. This approach is similar to the voice impersonation
by human, and fundamentally different from the conventional
techniques such as postfiltering and GV-based parameter gener-
ation. In the future work, we will investigate the technique to
automatically determine the control parameter of MRHSMM.
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Figure 4: Examples of generated spectrum sequence.
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