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Abstract

We propose a method for concatenative speech synthesis that
permits to obtain a better matching between the logF0 and dura-
tion predicted by the prosody module and the waveform genera-
tion back-end. The proposed method is based upon our previous
multilevel parametric F0 model and Toshiba’s plural unit selec-
tion and fusion synthesizer. The method adds a feedback loop
from the back-end into the prosody module so that the prosod-
ical information of the selected units is used to re-estimate
new prosody values. The feedback loop defines a frame-level
prosody model which consists of the average value and vari-
ance of the duration and logF0 of the selected units. The log-
likelihood defined by this model is added to the log-likelihood
of the prosody model. From the maximization of this total log-
likelihood, we obtain the prosody values that produce the opti-
mum compromise between the distortion introduced by F0 dis-
continuities and the one created by the prosody adjusting signal
processing.
Index Terms: speech synthesis, multilevel, parametric F0,
prosody, Discrete cosine transform, log-likelihood maximiza-
tion

1. Introduction
A good prosody model is one of the factors that contributes
more decisively to the overall quality and naturalness of a
speech synthesizer. It is often observed that while a good
prosody can not make a bad synthetic voice sound good, a
bad one can make an otherwise good synthesizer sound badly.
In unit selection systems, the values estimated by the prosody
model are used in two ways: first, to select the units from the
database, and second, to modify the pitch and duration of the
selected units. These modifications however, introduce a dis-
tortion proportional to the degree of signal processing which is
required. One possible solution to eliminate such distortion is
not to apply any modification at all and rely on the natural pitch
and duration of the selected units. This approach works reason-
ably well in systems built on huge amount of data (≥ 8 hours).
In this case, units are often contiguous in the database and little
or no modification is actually needed. In smaller databases how-
ever, the selected units are rarely contiguous. If we concatenate
them ’as-they-are’, we are likely to create chunks and disconti-
nuities in the synthesized speech which are more annoying than
the signal processing distortion we are trying to avoid.

Several methods have been proposed to combine the into-
nation values predicted by the prosody model with those of the
database. In [1, 2], after the units are selected, a set of rules
are used to decide the degree to which their duration and pitch
should be modified. Though this method helps to reduce the dis-
tortion while keeping a sufficient coherence for the prosody, the

definition of the rules is not simple. For a limited domain syn-
thesizer, a more dynamic approach was proposed in [3]. There,
a weighted finite-state transducer framework is used to jointly
predict the prosody and select the units. A similar method was
proposed more recently, by Campillo et al. [4]. Their method
simultaneously selects the synthesis units and the pitch contour
models out of a set of pitch contour candidates. The main draw-
back of this method is its high computational cost.

The method that we propose is similar to the methods men-
tioned above in the sense that we attempt to optimize simulta-
neously the unit selection and the pitch contour generation. The
main difference is that instead of a set of prosodic templates
(pre-computed [3] or created on-line from the database in a pre-
vious step [4]), we use a continuous pitch contour model based
on the parameter generation algorithm [5]. This allows us to ob-
tain good generalization with a limited computational cost and
a minimal footprint. In our implementation we use a paramet-
ric multilevel prosody model [6] and a plural unit selection and
fusion synthesizer [9]. A brief introduction to these two tech-
niques is provided in sections 2 and 3 respectively. The details
of our approach are explained in section 4. Section 5 intro-
duces the results of some preliminary evaluation and finally in
section 6 we draw the conclusions.

2. Parametric multilevel F0 model
The parametric multilevel F0 model is a method to generate a
pitch contour for a sentence using statistical models of the pitch
contours at one or more linguistic levels, such as the phone, syl-
lable, or phrase. In order to train these models, the pitch con-
tours of the units in the database are first parameterized, so that
for each level l, they can be represented by vectors ol, all with
the same dimension. These vectors are then grouped into clus-
ters, for example by means of a decision tree, from which suffi-
cient statistics are obtained. In our current implementation the
sufficient statistics are calculated directly and independently for
each cluster and each level. The synchronization between levels
is achieved by using the same phone-level segmentation for all
levels. A joint re-training of all the levels with, for example, a
minimum generation error algorithm [7] is also possible.

At the synthesis stage, the input sentence is converted into
a sequence of statistical models from where we define a log-
likelihood function F l(ol) for each linguistic level l. Next,
these log-likelihood functions are expressed in terms of the
same set of parameters that describe the pitch contour at the
main level xm as

F l(ol) = F l(Gl(xm)
)

(1)

and integrated as a weighted summation into a global log-
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likelihood function:

F (xm) =
∑

∀l
λlF

l(Gl(xm)
)

(2)

with λl the weight of the l-level. This function is maximized
with respect to xm and finally, the logF0 pattern is obtained
from the inverse transformation of xm according to the esti-
mated duration of the units at the main level.

The main advantage of this probabilistic framework is that
models at different linguistic levels can be easily integrated to
explicitly model prosodic effects such as emphasis, questioning
intonation, etc, at the level where the impact is stronger. The
only requirement to integrate a new level is for its Gl(x) to
have an analytic closed formulation.

2.1. Parameterization

In our implementation the main linguistic level is the syllable
and the parameters xm are the first 5th coefficients of the dis-
crete cosine Transform (DCT) of the syllable pitch contour. The
process to calculate these coefficients is as follows: first, the
pitch contour of the utterance is interpolated; then, the sections
of pitch associated to each syllable are chunked; and finally, the
parameterization is applied to each chunked segments in the ut-
terance.
In the synthesis, the continuity of the generated pitch is achieved
by two means: the continuity parameters included in some lev-
els, and the interaction between levels. The continuity param-
eters included at some levels describe the relationship between
the pitch contour of one unit and those of its neighbors. In this
way, they impose a constraint on how much the pitch contour
can vary from one unit to the next one. The most important
continuity constraint in our implementation is ∆LogF0 at syl-
lable level, which represents the gradient of the LogF0 at the
junction points between two syllables. The addition of the log-
likelihood of any new level acts also as a set of constraints over
the values of xm. The main additional level in our implemen-
tation is an accent group level model as described in [8], which
imposes continuity restrictions on the values of the 0th coeffi-
cient of xm.

3. Plural unit selection and fusion
The plural unit selection and fusion method [9] is a speech syn-
thesis method that combines the naturalness of standard unit
selection methods with the robustness of unit-training methods
[10]. In this method, instead of a single unit, a cluster of U
speech units are selected from the database for each unit of the
input text. Typical values for U are between 3 and 10 speech
units. Figure 1 illustrates the way in which the unit clusters
are selected. First, we find the path that minimize a total cost
function made of a target sub-cost and a concatenation sub-cost.
This step is identical as in standard unit selection synthesis sys-
tems. Then, for each target unit, another U − 1 samples are
selected. These samples are those with lower target cost and
lower concatenation cost with respect to the neighbor units of
the optimum path. Next, the U samples of each cluster are
fused together in time domain to create a single fused unit. The
pitch and duration of the fused units are then modified accord-
ing to the input prosody values and overlap-added to generate
the speech waveform.

Figure 1: Plural unit selection process [9].

4. Addition of a feedback loop
In comparison with standard unit selection, the plural unit se-
lection and fusion method reduces largely the spectral distor-
tion produced by the F0 modifications. However, this distortion
does not disapear completely. A possible way to further reduce
it consists in using the prosody of the fused units or that of the
units in the optimum path. However, neither the pitch of the
optimum path, nor the average pitch contours of the fused units
are continuous in most cases. Therefore additional smoothing
over the pitch contour of the fused-units has to be applied to
eliminate the gaps.

In our proposal, instead of reducing the gaps by applying a
man-made smoothing to the natural pitch contour of the units,
we integrate the units’ natural prosody into the statistical frame-
work described in section 2. Figure 2 depicts the block dia-
gram of our method. First the prosody module makes an ini-
tial estimation for the duration and pitch contour of the units.
Using this initial estimation, the multiple-unit-selection module
chooses from the database a cluster of samples for each target
unit as described in section 3. From this cluster, the statistics
of the pitch contour and the duration of the units are calculated.
The log-likelihood defined by these statistics, is equivalent to
the log-likelihood defined by a frame-level model. Therefore
it can be integrated into the total log-likelihood function of the
prosody model as an additional set of constraints. The weight of
the feedback model can be based directly on the variance of the
pitch contour in each cluster of units. Next, a new pitch contour
is obtained from the maximization of the total log-likelihood
function. This new contour can be used either to modify the
previously selected units, or to select new clusters of units from
the database, from which to calculate a new pitch contour, re-
peating this process until the optimum fused units for the input
text are found.

To create the feedback model, the pitch contour and dura-
tion of each unit have to be expressed in such a way that suf-
ficient statistics can be easily computed, and that they can be
expressed in terms of the primary parameters of the prosody
module xm.

4.1. Feedback model for duration

In our multilevel parametric logF0 model, the estimation of the
duration precedes that of the pitch contour. The main level for
the duration estimation is the phone.

Synthesis units are commonly defined at sub-phonetic level
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Figure 2: Schematic diagram of the speech production.

such as half-phones or states. But as long as phones are defined
as sets of such units, the integration of the feedback duration is
straight forward.

4.2. Definition of the feedback LogF0 model

The definition of a feedback model for the pitch contour is
slightly more complex than for the duration because it admits
more possible variants. The variant to use will depend on the
amount of available memory and/or computational power for
the given application. Assuming a single Gaussian distribution,
we can derive the general form of the feedback log-likelihood
for the pitch for all the fused half-phones hp that belong to a
given syllable s as follows,

F fbck =
∑

∀s

∑

∀hp∈s

F fbck
hp (ohp) (3)

F fbck
hp (ohp) =

−1

2

(
ohp − µhp

)>
Σ−1

hp

(
ohp − µhp

)
+ Const

(4)

where const is a constant and ohp, µhp and Σhp are respec-
tively the parameterized vector, mean value and covariance of
the pitch contour of the hp half-phone. The easiest way to de-
fine ohp is to use a linear transformation of the pitch contour so
that:

ohp = Hhp · logF0hp = Hhp · Shp · logF0s (5)

where logF0hp and logF0s are respectively the pitch contour
of the hp unit and the syllable s to which hp belongs, Hhp is the
transformation matrix, and Shp a matrix that extracts logF0hp

from logF0s.
To integrate this log-likelihood into Eq. ( 2), we need to ex-

press it in terms of the primary parameter vector of the syllable
level xm, which is defined as

xm = [x>
1 ,x

>
2 , · · · ,x>

S ]
> (6)

xs = T s · logF0s (7)

where T s is the transformation matrix that corresponds to the
first 5 coefficients of the DCT. Since the DCT is an invertible
transformation, Eq. ( 5) can be expressed as

ohp = Hhp · Shp · T−1
s · xs = Mhp · xs (8)

Therefore Eq. ( 4) can be rewritten as

F fbck
hp =

−1

2

(
Mhp·xs−µhp

)>
Σ−1

hp

(
Mhp·xs−µhp

)
+Const

(9)
and the differential of F fbck with respect to xm becomes

∂F fbck

∂xm
=

∑

∀s

(
As · xs +Bs

)
(10)

with

As =
∑

∀hp∈s

M>
hpΣhpMhp (11)

Bs =
∑

∀hp∈s

M>
hpΣhpµhp (12)

From Eq. ( 8) we can see the matrix Hhp is the one that de-
fines the feedback model. . Using Hhp, the sufficient statistics
µhp and Σhp of the fused unit are calculated from the cluster
of U units as follows:

µhp =
1

U

U∑

u=1

Hu · logF0u (13)

Σhp =
1

U

U∑

u=1

(
Hu · logF0u

)(
Hu · logF0u

)>

−µhp · µ>
hp (14)

In general, once we have decided the transformation, Hu de-
pends only on Du, the length of logF0u. Two possible ways
to implement this matrix are a point-based approach and a para-
metric approach.

In a point-based approach, the model describes the mean
value and variance of the logF0 at certain points of the fused
unit, for example, the beginning, middle and end of each half-
phone. In this case Hu would be a 3 × Du matrix, with ones
at the positions (1, 1), (2, Du/2) and (3, Du) and 0 otherwise.
The integration of this type of models with the syllable DCT is
basically the same as the integration of a state-based HMM F0
model described in [6].

In a parametric approach, the model does not describe the
exact value of logF0 at any given point, but the values of a linear
parameterization of the whole pitch contour of the half-phone,
for example, by means of the first 2 or 3 coefficients of the DCT
of logF0u. The advantage of the parametric approach is that
it can provide better description of the pitch contour with less
data. It also provides an easier way to mix the pitch contour of
the units cluster. The disadvantages is that it requires additional
memory or more computational time to calculate the parameters
on-line.

5. Subjective evaluation
Although a formal evaluation has not been completed yet, an
internal informal evaluation already revealed several interesting
results. In this evaluation, 12 subjects compared in two pair tests
utterances synthesized with and without feedback. In the first
test, the stimuli consist of 25 English sentences generated from
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Figure 3: Preference for the feedback model for estimated and
natural phone duration.

a text input for which the phone duration was estimated with the
Quantification Method Type 1 (QMT1) [11]. In the second one,
the stimuli were another 25 English sentences from a spared
sub-set of our database for which the duration was copied from
the natural one spoken by the voice talent. The pairs of stim-
uli were presented to the subjects randomly, in such a way that
at the end of the evaluation each subject listened each pair of
stimuli twice, each time with a different order. The database
used to train the prosody model and the unit selection and fu-
sion synthesizer was the same as the one described in [12]. The
implementation of the feedback F0 model was a point-based
approach using the initial and final logF0 value of voiced half-
phones. The number of clustered units, U , was 10.

5.1. Results

Figure 3 shows the average preference of these tests. In gen-
eral, the addition of a feedback model contributes to improve
the naturalness of the synthesized speech.

In the sentences generated with estimated duration, we ob-
tained a statistically significant global preference for the model
with feedback of 60.5% (p < 1.0e−6), with 95% confidence
interval by utterance of ±4.6% and by subject of ±4%. By
genre, long sentences and sentences from car-navigation do-
main showed the highest preference, 66% (p < 1.0e−6) and
64% (p < 1.0e−3) respectively. For short sentences and yes/no
questions the feedback model was also preferred in 53% of the
cases, but the differences were not significant.
As expected, the differences were not that clear for the test
with sentences generated with natural duration. Nevertheless,
there was a significant preference for the model with feedback
of around 56% (p < 5.0e−3), with 95% confidence intervals by
utterance of ±3.6% and by subject of ±6.9%. By genres, the
higher preferences were for long sentences, 58% and questions
61%, both significant (p < 1.0e−2). In the other two genres,
short sentences and exclamations, the preference was 51% and
53% respectively, but not statistically significant.

5.2. Discussion

From the results of the preference tests and from an inter-
view with the subjects, we think that the main improvement
in our current implementation comes from the modification of
the fused-units duration. At the moment, the duration after
adding the feedback is directly the average duration of the fused
units. In addition to reducing the signal processing distortion,
the feedback duration also improves the rhythm of the utterance.
That is probably why the preference for the feedback model for
long sentences is higher than average with both estimated and
natural duration.

The clearest effect of the feedback pitch model is the shift-

ing of the average logF0 of the utterance to a level adequate for
the sentence. In the model without feedback, the synthesized
logF0 is shifted by default to the pre-computed average logF0 of
the speaker. The feedback loop makes this average pitch varies
from sentence to sentence. This was especially clear in the set
generated with natural duration for question sentences which, at
least for our voice talent, usually present higher average logF0
than other type of sentences.

6. Conclusions
We have presented a new method to get a better integra-
tion between the prosody estimation and the waveform gen-
eration back-end. This method consists in a feedback loop
from the back-end to the prosody model with information
about the statistics of the prosody of the selected units. The
prosody model uses the feedback information to re-estimate
new prosody values. The proposed method improves the qual-
ity of synthetic speech, especially for long sentences with esti-
mated duration, though improvements can be appreciated also
in the case of using natural speech duration. It can be expected
that a more elaborated implementation of the algorithm will re-
sult in further reduction of the distortion and thus in synthesized
speech with higher quality and naturalness.
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