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ABSTRACT

In this paper, we propose a new model for synthesizing fun-
damental frequency (F0) contours using a stylization and

a neural network learning method. The F0 contour is de-

scribed as the superposition of 4 layered features; global
tune, word pitch bias, lexical tone, and the syllabic pitch

pattern. We �rstly stylize the F0 contour of speech material,

and analyze stylized data by statistical approach according
to grammatical attributes. We then construct a melodic ta-

ble, and train lexical tone with a neural network. Finally we

develop the intonation generation rules for TTS conversion.
This model produces a good neutral declarative intonation,

and there is little di�erence between synthesized speech with

original F0 contour and that with the rule generated contour
when tested with our TD-PSOLA synthesizer[6][7].

1. INTRODUCTION

Intonation plays an important role in the intelligibility and

naturalness of speech. Many researches have devoted their

e�orts to establish a formal representation of intonational
function and form, or to its realization [1]-[3]. These re-

searches treated the F0 contour as the phonetic accompani-

ment of certain types of syntatic units or constituent bound-
aries, and a�ecting functions to intonation. But these require

a sophisticated parser, and the results are still unsatisfactory

[4]. Recently, Emerard et al. proposed an intonation process-
ing method in a TTS system based on the stylization method

to yield natural synthetic speech [5]. The purpose of styliza-

tion is reduction of redundancy and easiness of manipulation
for pitch patterns. He adopted contextual parsing rules to

determine prosodic boundaries, and used a melodic table to

provide F0 patterns for words. But his algorithm realized
boundary e�ects only and did not consider the interaction

between words in contextual e�ects.

To implement the interaction between words in contextual

e�ects, we try to extend stylization to the non-uniform gram-
matical unit which can represent word, sequence of words,

phrase, or sentence. For the e�ective analysis/synthesis of F0

contour, we make a new intonation processing model which
assumes the F0 contour as the superposition of 4 layered

features; 1) global tune which assigns potential pitch mean

value to each word, 2) word pitch bias strongly related to the
grammatical context, (word pitch bias means the F0 di�er-

ence between the real mean F0 value and the predicted value

in the declination line for each word) 3) lexical tone which
means the mean F0 values of syllables in a word subtracted

from by word mean F0 value, 4) the syllabic pitch pattern

as a microprosodic component.

The main di�erence of our algorithm from other approaches
is that the layer 1 and layer 2 assign one pitch value to each

word, and the layer 3 assigns one pitch value to each syllable.

The advantage of this idea is that we can easily implement
nonlinear characteristic of F0 baseline with a statistical map-

ping table, i.e., the melodic table, between the grammatical

context and word pitch bias. Also this idea enables the lin-
ear analysis/synthesis of the F0 contour. For the analysis

of grammatical context, we de�ne 60 grammatical attributes

which can be deduced by particles, su�x inections, adverbs,
and conjunctions.

As a global tune, we use a linear declination line, y=at+b,

where t is normalized by the number of words in a sentence.

We estimate a and b by applying the LS method for our 24
minutes' speech material of 156 sentences. With the word

pitch biases and grammatical attributes for words, we con-

struct our melodic table through statistical approach.

Korean is neither a stressed nor a tonal language because the

pitch accent in a word is not culminative and di�erent tone

does not alter the meaning of a word. But if the word pitch

pattern(lexical tone) is not proper, it sounds like a dialect
or a foreign accent. We observed that lexical tone has many

regularities in real speech and a 2-layer neural network can

predict lexical tone from the phonetic and phonological in-
formation. Therefore, we adopted a neural network to train

lexical tone. And �nally we constructed the intonation gen-

eration rules for TTS conversion.
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Figure 1: Two straight line approximation

2. STYLIZATION OF PITCH PATTERN

Generally, the estimate of pitch for speech signal has uctu-

ations on pitch contour due to the estimation error or unsta-
ble vibration of the vocal folds. To minimize these defects in

the stylization of the syllabic F0 pattern, we employed the

least square error minimization method to estimate the F0
values at three positions. Firstly, the syllabic pitch contour

was piecewise-linearly approximated by two straight lines, as

shown in Figure 1. Then, the sum of squared error between
the original pitch contour and the linearly approximated pat-

tern is

E =

0X

i=�n1

(yi � a1xi � b)2 +

n2X

j=1

(yj � a2xj � b)2: (1)

By setting the derivatives of E with respect to a1; a2, and
b to zero, we can calculate new pitch values and the mean

F0 for the segment. Also, the position of peak or valley can

be estimated if we �nd the minimum of LS errors by varying
n1 and n2. So this method can automatically detect pitch

movement timing in a segment. Then the syllabic F0 pat-

tern is stylized by using four features; the pitch movement

timing normalized by syllable duration, three point pitch val-

ues which are chosen at �n1; 0; n2. And we subtract mean

F0 value of each syllable from all pitch informations. With

the stylized data in our database, we �nd the representative

styles for all Korean syllables. Korean syllable consists of

CVC, where initial C and �nal C can be deleted. In Korean,

there exist 18 initial C, 21 V, and 7 �nal C.

We de�ne lexical tone as the F0 values of syllables in a word

subtracted from the word mean F0 value. We use a 2-layer

neural network, as shown in Figure 2, to produce lexical
tone directly from encoded phonological representation. The

phonological representation are categorized by 25 factors ac-

cording to manner, position and intensity of articulation; 15
for consonant and 10 factors for vowel, respectively.

Finally, the global tune is estimated from the mean F0 values

of words in a sentence by using the LS method.

Target syllabic tone

7 for phonological representation of previous syllable,
11 for phonological representation of present syllable,
8 for phonological representation of next syllable,
position in a word, number of syllables in a word,

A1=tansig(W1*R,B1)

R

W1

W2

A2=purelin(W2*A1,B2)

49 inputs : 19 for syllabic mean F0 value from database,

mean F0 value of word, bias

Figure 2: Structure of the neural network for lexical tone

prediction

3. INTONATION GENERATION MODEL

In the development of an intonation generation model, we
assume that the intonation in a sentence can be character-

ized by the following process. 1) The primary factor which

assigns the potential pitch mean value to each word, nei-
ther segments nor syllable, is the position in a sentence,

and the value can be determined by the global level tune,

y=at+b. 2) This declination line assigns the potential pitch
mean value to each word according to the primary factor,

i.e., the position in a sentence. 3) The secondary factor

which determines the bias and the pitch pattern for each
word is grammatical attributes. 4) The number of neighbor-

ing words which a�ects the bias and pitch pattern is 1 � 5.

In other words, the primary factor for assigning a pitch value
to each word is the position of that word in a sentence, and

the secondary factor is the grammatical attribute for each

word. And in addition, the secondary factor produces an

absolute, not relative, pitch value. Most of intonation gen-

eration models usually use parsers to analyze the syntactic

structure of sentence, and the parsers become more sophisti-

cated to guarantee the good results. But our algorithm does

not depend on a complex parser. We, instead, try to build a

direct mapping table between the secondary factor and the

word pitch bias. If there is a well-de�ned set of grammatical

attributes and these are carefully derived, the mapping ta-

ble can be successfully built through the statistical approach.
The mapping table construction procedures are as follows.

F0ij and the pitch pattern, Pij, of each word are obtained

through the stylization process, where i is for the sentence

number and j is for the position of the word. Using F0ij,
the representative baseline can be found by applying the

least squared error method which is normalized with respect

to the number of words in a sentence. Then we calculate
dij, the di�erence between F0ij and the baseline, and tag

one grammatical attribute gij to each word among the set
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As a result, the melodic table is constructed with the pitch
bias sequences according to grammatical attribute sequences.

The intonation processing module in our TTS system calcu-

lates the primary pitch value according to the word position

in a sentence, and searches for the longest matching entry by
utilizing the information from the grammatical attribute se-

quence. If the best-matching entry is selected, the pitch bias

for that word is extracted from the table. With the phono-
logical representation and the sum of primary and secondary

pitch values, we can calculate the mean F0 value for each syl-

lable in a word. In the realization of syllabic pitch pattern,
we use reference patterns determined by syllable types. We

�nally calculate the F0 contour of a sentence using 2nd order

parabolic interpolation.

4. SIMULATION RESULTS

We have performed four experiments. The speech material

for our present study consists of recordings produced by read-

ing individual sentences of the written text separately. The
written text is composed of 156 sentences having 2186 words

and 6632 syllables, and read by an experienced female an-

nouncer. The recorded material is digitized at 16 KHz with
16 bit resolution. The fundamental frequencies are extracted

by using the ESPS S/W, while the markers for segments are

manually labeled.

Firstly, we test the �tness of a linear declination line as a

global tune. Figure 3 shows the F0 contour patterns of 156

sentences and a linear line y=at+b, where t is normalized

by the number of words in a sentence, is proved to be good

enough to represent the global tune.

Secondly, we �nd the pitch bias for each word in a sen-

tence using the melodic table according to the grammati-

cal attribute sequences, and calculate the prediction error as
shown in Figure 4. If we assign a F0 value of global tune to

each word in the layer 1 processing, the standard deviation

(SD) is 18.7 Hz. After the layer 2 processing, we can reduce
SD to 1.6 Hz. This implies that our algorithm is very simple

but e�ective to accomodate the interaction between words

in contextual e�ects.

Third one is the training of lexical tone with a neural net-

work. Figure 5 shows prediction error for lexical tone. We

have experimented with various learning rates, ranged from

number of
syllables in

a word

number of
words

SD of pre-
diction

error after

layer 2 [Hz]

SD of pre-
diction

error after

layer 3 [Hz]

2 573 9.2 1.1

3 829 11.8 2.8

4 401 13.2 1.8

5 188 14.6 1.1

6 48 14.9 0.0

7 16 14.3 0.0

8 2 12.6 0.0

9 3 18.1 0.0

12 1 17.8 0.0

total 2061 12.4 2.0

Table 1: Prediction error from the neural network
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Figure 3: F0 contour patterns of 156 sentences and

Global tune

10 to 0.00001 with initial weights of very small random val-

ues. The results show that if the learning rate is not suf-

�ciently small, learning process fails. So we use 0.0001 for
both layers. Table 1 shows the prediction error. These re-

sults came from the independent neural networks with re-

spect to the number of syllables in a word. And we admit
that we need more data of words having more than 6 syl-

lables to generalize our results. Still our results can be a

strong proof that the neural network can be very e�ective to
predict the lexical tone, and to improve the naturalness of

the synthesized speech.

Figure 6 shows both the original and the rule generated pitch

contour. The mean absolute deviation between the original
contour and the rule generated F0 contour was 11.4Hz. In

other words, the rule generated F0 pattern traces the original

F0 contour fairly well. In the perception test, little di�er-
ence was detected between the synthesized speech with the

original F0 contour and that with the synthesized one.

5. CONCLUSION

In this paper, we proposed a new model for synthesizing F0

contours using a stylization and a neural network learning
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Figure 4: Prediction errors after (a) layer 1, (b) layer 2.
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Figure 6: Comparison of F0 contour for test sentence

(a) Original intonation (b) Rule generated intonation.

Time alignment is not carried out in this experiment.

method. The simulation results of each layer show our algo-
rithm is very e�ective to analysis/synthesis the F0 contour

of a sentence, and generates a fairly good declarative into-
nation. Our future works include the improvement of the

prediction accuracy for the lexical tone with a large speech

database. Also we will try to do some pretests in search of
the methods of extending this model to accomodate dialogue-

type speech.
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