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ABSTRACT

This paper presents a neural-network-based model
of segmental duration. It was developed with the
intention of applying it to speech synthesis for Ger-
man. Given a set of factors influencing the duration
of a phone-sized segment a neural network is used to
predict the segment duration. Different mappings of
these factors to values suitable for networks with bi-
nary and analog input nodes have been applied. So
far, the highest correlation coefficient between the
observed and predicted segment durations of a test
set is 0.886. Informal acoustical tests with this model
in combination with a speech synthesis system fur-
ther demonstrated the feasibility of this approach.

1. INTRODUCTION

An important problem in realizing high-quality TTS
systems is controlling the prosodic parameters (du-
ration, Fp, and intensity). Recent approaches to the
problem of mapping the phonological information de-
rived from the input text to the parameters necessary
for speech production try to learn this relationship
automatically (e.g. with a neural network).

The aim of this study was to develop a neural-
network-based model of segmental duration which
could be integrated into our existing TTS system for
German, named SVOX [1]. In this system neural
networks have already been successfully used by
Traber [2] for Fp generation.

In experiments on small subsets of Finnish pho-
neme classes reported by Karjalainen and Alto-
saar [3], the phoneme duration was calculated with
a neural network. A duration model realized by
Campbell [4] successfully uses a neural network to
predict syllable durations.

2. THE MODEL

The task of our model of segmental duration is to
predict the duration of a segment using a set of fac-
tors known to affect the duration.

With the exception of plosives the duration of
phone-sized segments are predicted. Because of the
different effects that some factors have on the hold
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and burst part of a plosive, these two parts are trea-
ted separately by our model.

From the input text to be synthesized, the SVOX
system derives a phonological description consisting
of information about phrases, accentuation, syllable
and word boundaries as well as sequences of phone-
mes. This description can be used to determine the
values of factors influencing the segmental duration.

The factors chosen for this model are similar to
the ones used by Huber [5]. The modifications made
were mainly necessary because of differing types of
segment used for predicting the duration. The follo-
wing factors are employed (with their abbreviations
given in parentheses for later reference):

type of the segment {al,b1, or c¢1): The type of the
segment is described either by the identity of
the segment or distinctive features (depending
on the type of neural network input node, see
Section 3).

identity: The identities of the segments {c1) are
used as factor values (e.g. m, o, r, ...),
with 54 different levels.

distinctive features: For each segment a pair of
factor values differentiate between the pos-
sible segment types. For consonants a com-
bination of the type of articulation and a
voiced /unvoiced distinction (al), and the
place of articulation (b1) are used as factor
values. For vowels a combination of length
and position of tongue (al), and the posi-
tion of the first formant (b1) are used. Fur-
thermore, diphthongs and preplosive pau-
ses are assigned special factor values. This
results in 16 and 13 value levels respec-
tively.

segmental contezt (a0,b0,a2,b2, or c0,c2): The type
of the preceding and even more the following
segment are known to affect the duration of a
segment. These are described by the same factor
values as the segment in focus. B

segment position in the syllable (sp): This factor di-
stinguishes whether the segment is in the onset,
nucleus, or coda of the syllable.

number .of segments in the syllable (sn): The sylla-
bles in a sentence have a tendency to be equally
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long in duration. This influence on the length
of a segment can be taken into account by using
the number of segments in a syllable as a factor.
For our model four values are distinguished.

accentuation degree of the syllable (ac): The accen-
tuation degree of the syllable containing the seg-
ment has a strong influence on the duration of
the segments, with the main influence being a
lengthening of the nucleus. Five different levels
are used.

syllable position in the foot (fp): It has been shown
in [5] that the segment duration depends on the
position of the syllable in the foot. Seven diffe-
rent values are used. In German it is not always
clear, where to separate two adjacent syllables.
In such cases our system shifts the separation
to the left. This implies that the accentuation
of a syllable can influence the duration of seg-
ments of the following syllable. This is taken
into account by using the foot position factor,
since only the second syllable of a foot has an
accentuated syllable preceding it, all others are
preceded by an unaccentuated syllable.

number of syllables in the foot (fn): Similarly to the
effect observed for syllable durations the inter-
vals between two adjacent accentuated syllables
(one foot) have a tendency to be equally long in
duration. Four factor values are used.

foot position in the sentence (po): The lengthening
of syllables before sentence pauses and the end of
a sentence is taken into account by including the
position of the foot within the sentence as factor.
The factor values differentiate between sentence
initial, sentence final, phrase initial, phrase fi-
nal, neither initial nor final, and both initial and
final (phrases with one foot) position.

3. THE NEURAL NETWORK

Figure 1 shows the overall structure of the realized
model of segmental duration.

Given a set of values of the factors described in
Section 2 the segmental duration is predicted with
a neural network. Our model uses a fully connec-
ted feed-forward multi-layer perceptron as described,
e.g., in [6]. Network parameters that can be varied
include the number of hidden layers, and the num-
ber of nodes in each layer, all having an influence on
the performance of the network. The duration of the
segments and the input factors have to be mapped to
values suitable for this type of neural network. This
mapping is another component affecting the perfor-
mance of the network. All nodes of the neural net-
works used in our experiments have a sigmoid logistic
activation function 1/(1 +e™).

The input factors explained in Section 2 have dis-
crete values. An obvious choice for this type of data
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phrases, accents
syllable and word boundaries
sequences of phonemes

factor extraction

c0 {cl [c2 |sp |sn Jac fp [fn {po

one-out-of-n input mapping

{0,1}

{0.1]

output mapping

[4.5ms, 650ms]

segment duration

Figure 1: Overall structure of the model of segmen-
tal duration. A network with binary input nodes is
shown, where each factor with n values uses n input
nodes for its one-out-of-n mapping.

is a network with binary input nodes. Another al-
ternative are analog input nodes. Combinations of
binary and analog units would be another possibility,
but wasn’t considered in our experiments. The best
results were obtained with the following mappings of
the inputs and outputs:

binary inputs: A one-out-of-n mapping of an input
factor with n values to n nodes is used, each
input node having a value of 0 or 1. The fac-
tors c0, cl, and ¢2 are used with binary inputs
(a network with this type of inputs is shown in
Figure 1).

analog inputs: With analog input nodes the n va-
lues of each factor are mapped to the values
0,=%5, =2, ..., 2=} of an input. The order of
this mapping is determined by using the data-
base of segment durations with factor values de-
scribed in Section 4. For each factor value the
mean of the segment duration of all database
entries having this factor value is calculated.
The higher this mean duration is, the higher the
value it is mapped to. To avoid having to map
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a factor with a high number of different values
{c0, c1, and c2) to a single analog input node,
the distinctive features (a0, al, a2, b0, bl, b2)
are used for this type of input node.

analog output: The duration is a continuously vary-
ing value, therefore the different networks trai-
ned all have one analog output. The segment
duration data (see Section 4) has a log-normal-
like distribution with a mean of 65ms and a
lower and upper bound of 4.5ms and 358 ms.
A logarithmic transformation of the data re-
sults in a normal-like distribution that can be
linearly mapped into the interval [0,1]. The re-
verse transformation (linear mapping and expo-
nentiation) is the mapping used for the network
output.

4. TRAINING THE NEURAL
NETWORK

The standard back-propagation algorithm [6] was ap-
plied to train the neural network.

An important step in using a neural network for
duration control is the preparation of suitable samp-
les for training and testing. The speech recordings of
186 sentences from different texts (weather reports,
news, tourist information) used for this purpose were
spoken by a single trained speaker, an actor (the
same corpus was used in [2]).

All sentences were manually segmented. The seg-
ments were visually (time-domain speech signal and
spectrograms) and acoustically located.

With these segments and information about ac-
centuation, phrasing, syllable boundaries, and pho-
nemes, a database was generated, part of it to be
used for training and the rest for testing. Each entry
in the database consists of the segmental duration
and a set of values of factors as described in Sec-
tion 2. The database contains 21509 entries.

The factors used for this model result in about
1.31 - 10° possible factor value combinations, inclu-
ding some combinations that don’t exist in natu-
ral speech. Having 15849 diflerent combinations in
the database there is a missing data percentage of
99.9988%.

By using the same sort of text to generate the da-
tabase of training and test samples as will occur in
an application of the TTS system, the possibility of
having equal combinations during training and syn-
thesis increases. However, as can be seen in Figure 2,
most of the factor value combinations in our database
only appear once.

This shows that an important aspect of a duration
model is its ability to predict reasonable durations
for combinations not used for training,.

The database is divided into two parts, training
data and test data (25% for testing). This way a

EUROSPEECH ’95, Madrid, Spain, September 1995

100000 T

§ ;

T 10000 [

=

£

£ 3

8 1000

=3 P03

=

e ©

‘2 >

%‘ 100 =

Y A4

M v

2 10 2

g o

2 o %o
1 0 0i0 0@ ©. o
0 5 10 15 20 25 30 35 40 45

number of entries with equal combinations

Figure 2: Absolute frequencies of occurrence of factor
value combinations in the database (e.g. there are
15 different factor value combinations that appear 4
times in the database).

trained network can be tested on its performance in
generalizing. This ability depends on different net-
work parameters. Besides the type of the input no-
des already mentioned in Section 3 the following pa-
rameters were varied during the repeated cycles of
training and testing:

mapping: See Section 3. Another possibility exami-
ned is a network using the factors a0, al, a2,
b0, bl, and b2 with binary input nodes. This
combination did not show any improvement in
the performance of the networks and was not
considered any further.

number and size of hidden layers: Networks  with
one and two hidden layers were trained. With
two hidden layers better results were achieved.
The sizes of the hidden layers were varied in
the range 8 to 364.

number of training epochs: The number of training
epochs needed strongly depends on the back-
propagation learn rate used. Overlearning has
to be avoided by checking the network perfor-
mance on a test set during training,.

181 binary nodes or 12 analog nodes were used in
the input layer, and one analog node in the output
layer.

5. RESULTS

The different networks trained were compared with
each other by calculating the correlation coefficient
between the observed durations of the test set and
the predicted durations.

For both types of input mapping the network with
the highest correlation coefficient found so far is
shown in Table 1. The network shown on the left
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side of Table 1 uses 181 binary input nodes, 150 no-
des in a first and 50 nodes in a second hidden layer,
and one output node. With the other type of input
node the network size is 12 input nodes, 120 and 40
nodes in a first and second hidden layer respectively,
and again one output node.

[181,150,50,1] [12,120,40,1]
€pochS  Tirgin  Tiest | @POChS  Tirain  Trest
30 0.916 0.883 400 0.886 0.865
40 0.921 0.886 900 0.904 0.872
80 0.933 0.882 | 1800 0.908 0.870
160 0.941 0.878 | 2100 0.910 0.866

Table 1: Correlation coefficient between measured
durations and durations predicted by a network of
the training set (rirqin) and the test set (ries:).

The effect of overlearning can be well seen. While
the correlation coefficient of the test data has an opti-
mum after 40 and 900 epochs respectively, the corre-
lation between the observed and predicted durations
of the training set still increases. Different learn ra-
tes were used for the two networks, partly explaining
the differing number of epochs necessary.

To test the contribution of each input node inde-
pendently a method (the simpler variant) proposed
by Campbell [4] was used: Alternately set all input
nodes of an input factor to zero and calculate the
correlation coefficient using the resulting output of
the network. An indication of the factors contribu-
tion is then given by the decrease of the correlation
coefficient when the nodes the factor is mapped to
are set to zero. This method was applied to the two
networks (after 40 and 900 epochs) presented above,
using the test set (see Table 2).

[181,150,50,1] {12,120,40,1]

factor 1t | factor  ries:  factor  Ties:
cl 0.623 al 0.366 b2 0.800
sp 0.709 bl 0.455 a0 0.822
c2 0.845 b0o 0.647 sn 0.822
c0 0.866 Sp 0.663 ac 0.829
sn 0.872 a2 0.744 fn 0.843
ac 0.872 fp 0.793 po 0.851
fn 0.873
po 0.874
fp 0.880

Table 2: Correlation coefficient with single input fac-
tors set to zero.

According to the data of Table 2 the network with
binary input nodes is less sensitive to inputs blin-
ded in such a manner, a possible explanation being
the high degree of zero-valued input nodes in the
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one-out-of-n mapping. As expected, the factors al,
bl, and cl strongly contribute to the performance
of the model. The factor ac, known to be import-
ant for duration control, is correlated to the factor
fp and therefore setting one of these two factors to
zero doesn’t decrease 1y, significantly.

Since the correlation coefficient is not necessarily
a measure for the acoustic quality of a TTS system
using the network, informal acoustical tests were per-
formed by using the neural-network-based model for
duration control in the SVOX system.

This tests showed that to some extent the correla-
tion coeflicient gives an indication of the suitability of
the network for speech synthesis in our T'TS system.
Having two networks with significantly differing cor-
relation coefficients, the one with the higher correla-
tion clearly produced perceptually more appropriate
segment durations. On the other hand with networks
having a correlation coefficient above 0.86 very small
differences in the generated speech existed.

The results show that even though only a small
percentage of all possible factor value combinations
is in the database used for training, using a neural
network for the prediction of segmental duration is
a feasible approach.

With both networks shown in Table 1 segment du-
rations of high quality can be generated. The net-
work with binary inputs does not imply any specific
ordering of the discrete values of a factor. Its disad-
vantage is the larger size of the network, more than
five times as many weights are needed.
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