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ABSTRACT

The basic assumption in intonation models and perhaps gen-
erally in prosody models is, that part-of-speech information is
of paramount importance for predicting the actual values for the
prosodic parameters; be they pitch, segmental duration or loud-
ness. We have studied whether morphological knowledge, in ad-
dition to part-of-speech and functional information, is of any help
in predicting prosody in a morphologically rich language such as
Finnish. Our research concerns Finnish prosody with respect to
pitch and segmental duration. The basic methodology we employ
is based on artificial neural networks. It is a continuation of our
earlier studies on prosody where we investigated the problem of
generating values for prosodic parameters for text-to-speech syn-
thesis. The basic methodology we employ is based on standard
multi-layer feed-forward networks that are trained with backprop-
agation. The results we have obtained show that there are certain
advantages in adding morphological knowledge to the network
input. Apart from part-of-speech information, there are certain
cases where morphological features seem to affect the outcome
of both pitch and segmental durations. This behavior can be ex-
pected in a morphologically rich language.

1. INTRODUCTION

In our previous research on Finnish prosody for text-to-
speech synthesis we have successfully applied neural net-
work methodology to predict both segmental an supraseg-
mental values for the three basic prosodic parameters: pitch,
loudness and segmental duration. Since the networks seem-
ed to be suitable for those areas of prosody we were natu-
rally interested whether the network methodology could be
extended to larger domains in relation to the structure of the
utterances modeled. That is, could the networks generalize
according to more linguistically motivated factors that can
be calculated from the input sequences? Furthermore, we
wanted to find out which linguistic factors are relevant in
relation to the models we have built.

The linguistic knowledge that we used was based on
the available technology for Finnish. An automatic mor-
phological analysis based on two-level morphology [4] was
used for morphological tagging of the text. Therefore, we

formed our linguistic requirements on existing text analysis
techniques instead of using manually tagged data.

Morphology has not traditionally played an important
role in text-to-speech synthesis (TTS) – with the notable
exception of linguistic analysis prior to any signal gen-
eration. This may be due to the fact that most research
published on TTS has concentrated on languages where
morphology plays a relatively small role (see for instance
Sproat [5]). Finnish is among the languages where mor-
phology’s role is central and it acts as a pivot around which
many other linguistic phenomena revolve. Since rhythm is
one phonetic aspect of Finnish which has a more or less
direct link to morphology through word formation 1, we be-
came interested as to which degree the rest of prosody is
influenced by morphological factors. Moreover, the influ-
ence we were seeking was of the general kind in a sense
that we were not interested whether certain individual mor-
phological features had a bearing on some narrowly defined
phonetic aspect of Finnish. The aim was to find out whether
morphology as a whole had a significant influence on Finn-
ish prosody. That is, should morphology play a central role
in prosody control for Finnish TTS systems?

We decided that the most natural way of measuring the
relative importance of morphological and other linguistic
factors on prosody would be to extend our earlier method-
ology that was based on artificial neural networks (see Sec-
tion 2.2.1 for references). In order to determine the relative
importance and the influence of the different morphologi-
cal features on prosody we decided to study how the given
factors inluence the networks’ performance. To obtain in-
formation of such influence we have run systematic tests in
which all different combinations of factors or sets of fac-
tors were given as network input. A qualitative account of
the factors affecting the prosody was deduced by analyzing
the networks’ output error (see Section 4 for more detail).

The database we have used for this study consists of
692 automatically segmented and manually corrected sen-
tences from one speaker. The tests were run in an object-

1The fixed place of stress and the consequent accentuation, which in-
fluences segmental durations, can be seen as a consequence of morpho-
logical processes carrying over to the rhythmic structure of Finnish.
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Figure 1: Neural network architecture used for the experi-
ments.

oriented speech database and signal processing system de-
signed for phonetic research (see [1] in these proceedings).

2. METHODS

2.1. Neural Network Architecture

We have used architecturally similar networks for both seg-
mental duration and fundamental frequency prediction. The
basic network architecture is based on a 2-layer perceptron
architecture with fully connected nodes throughout (see Fig-
ure 1). The output function of the nodes in the hidden layer
as well as the output node is a basic sigmoid. The net-
works were all trained with the standard backpropagation
algorithm.

Since we were basically interested in the relative im-
portance of different linguistically motivated factors in the
network input, the optimal performance of the networks
was of secondary importance to us. It may even be argued
that the basic MLP-methodology is not well suited to the
problems at hand: intonation and segmental duration mod-
eling on the level of utterances. For instance, recursive net-
works have enjoyed better success in modeling intonation
[6]. However, Campbell [2] has successfully used similar
methodology for segmental duration modeling.

2.2. Input and Output Coding

2.2.1. Input Coding

Tables 1 and 2 show the factors that were given as input to
the networks. All factors were converted to numerical val-
ues between 0.0 and 1.0. Those factors that had more than

Tarkka kirurgi varoo näköään.

varoo

va

v   a r  o:

roo

Figure 2: The hierarchical coding of relative position and
size of the current (estimated) phone or syllable. In this
case the phone [v] is being estimated and its place is coded
according to its position in the syllable [va] of length two
(phones). The syllables’s position is coded in relation to the
word [va . roo] with a length of two syllables. The word is
further given a code according to its place in the sentence
[tark:a kirurgi varo: näköä:n]
with a length four words (“A meticulous surgeon is care-
ful about his eyesight”). This yields six values for the
networks’ input vector that concisely describe the relevant
units’ places in the hierarchy as well as their lengths: 0.0
and 0.2773 for the phone; 0.0 and 0.2773 for the syllable;
0.6666 and 0.5546 for the word.

three values (e.g., case with 15 values) were distributed to
two nodes.

The input factors were grouped according to their level
in the hierarchy (phone, syllable, word) and the relations
between the levels.

As can be seen in the Table 1, most of the morpho-
logical factors concern words of a certain part-of-speech
only; e.g., comparation is inherently connected to adjec-
tives. Verbs on the other hand have more factors attached
to them than other words. Whenever a factor was unre-
lated to the word being coded, a small, non-zero value was
added to the input vector. Thus, it made no sense to test
each morphological factor’s influence on the whole set of
words and the the morphological factors were tested as a
whole against other factors (see Section 4 for more detail).

In addition to the morphological information the net-
works were also given other information found useful in
our earlier research. This information includes segmental
knowledge as well as knowledge about the length of the
sentences and words. Finally, the relative position of the
estimated phone within the word, syllable and sentence is
added. See [7], [8], and [9] for more detail. No explicit
prosodic information was used. Therefore, the networks’
task was to associate the given prosodic value (pitch in
semi-tone, logarithmic duration) with the symbolic infor-
mation in the linguistic and spatial description of the sen-
tence.



Table 1: The morphological factors concerning words and
the number of necessary values that were coded as input to
the networks.

Morphological factors Number of states
Comparation 3

Case 14
Number 2
Mood 4
Tense 2
Voice 2
Person 7

Negative 2
Infinitive/participle 6

Suffix 2

Table 2: Other types of information pertaining the phone,
word and sentence in question and the number of values
needed.

Factors Number of states
Function word 2

Punctuation 2
Compound word 2
Part-of-speech 15

Place in syllable continuous
Place in word continuous

Place in sentence continuous
Length in phones continuous

Length in syllables continuous
Length in words continuous

The final input to the network consisted of coded val-
ues for the current phone or syllable and the current word.
Also, a window of three units on either side of it was sim-
ilarly coded and added to the input vector. Thus the dura-
tion network’s input consisted of word-related and phone-
related data covering a certain span of the input text as well
as data concerning the place and size of the current units in
the sentence (see Figure 2 for more detail).

2.2.2. Output Coding

It is a well known fact that segmental durations follow a
normal distribution on a logarithmic scale. Therefore, we
coded the network output to yield the logarithm of dura-
tion which is further coded so that the values stay between
0.0 and 1.0. Similarly the output of the pitch-network is a
frequency value in Hertz converted to semitones which is
further coded to a value between 0.0 and 1.0. The network
error was simply the target value minus the output value.
The errors reported in Section 4 are all average absolut er-
rors in per cent: thus, an error of 5 % for pitch would be

5 Hz at 100 Hz.
Since it is not plausible to predict F0-values for each

phone in the database we decided to predict the values on
a syllable basis. Thus, the target value for the network was
an averaged F0-value for the center one third of the syllable
nucleus. This is a very coarse way of calculating the pitch
values for it ignores the shape of the pitch accents. It also
produces a fairly large margin of error concerning the val-
ues usually deemed important in relation to perception of
pitch, that is, the peaks and valleys of the pitch contour as
well as their placement in relation to the syllable nucleus.

3. DATA

The database we have used for this study consists of 692
automatically segmented and manually corrected sentences
from one speaker. The texts for the sentences were selected
from a corpus of a Finnish periodical (Suomen Kuvalehti,
year 1987) so that the number of foreign words was min-
imized and the length of the sentences kept within certain
bounds (basically between 25 to 150 phones per sentence).
Other than minimizing the foreign content the sentences
were not balanced in any way.

The sentences were recorded in an anechoic chamber
and semi-automatically segmented with a HMM-based sys-
tem. The semi-automatic segmentations were then manu-
ally checked and corrected by a trained phonetician.

4. TESTS AND RESULTS

All tests were carried out on the object-oriented Quick-
Sig signal processing environment, which is programmed
in LISP/CLOS (see [3] and [1] in these proceedings).

Before the tests we determined the number of hidden
nodes in the networks manually. The number of hidden
nodes was 31 in both segmental duration and F 0-networks.
The number of input nodes varied from 33 to 147 depend-
ing on the combination of input factors and the type of net-
work.

The main test to determine the influence of morpholog-
ical information on the networks’ performance was con-
ducted in a serial manner:

1. Three factors had to be tested: these were the part-
of-speech and function-word status of the words as
well as the morphological values of the words as a
set. Three factors yield eight combinations.

2. The effect of each factor was determined by averag-
ing the differences in the performance of the different
networks. Within the eight combinations, each factor
is supplied 4 times and omitted four times.

3. Once all tests have been run (that is, all different
networks standing for the combinations), the differ-
ences in the performance level can be calculated and



averaged for each factor. The result from each com-
bination were averaged over five different networks.

Table 3 shows the average reduction in error (%) when
different kinds of information to the network input for both
segmental duration and F0 are added. From the results it
can be seen that when morphological information is added
to the network input the performance of the networks in-
crease. However, the significance of the drop in error is
fairly difficult to assess in quantitative terms and percep-
tion tests should be conducted to determine the final signif-
icance of the results.

Table 3: Results from adding morphological information,
function- and part-of-speech status to the network input.

F0
Average decrease in error (%)

Function word -0.15
Part-of-speech -0.40
Morphology -0.71

Duration
Average decrease in error (%)

Function word -0.61
Part-of-speech -0.28
Morphology -1.16

The results in Table 3 were calculated by evaluating the
networks on the same material that they were trained on.
Thus we treated the networks as statistical models for the
data 2.

The results for the F0-network can somewhat be ex-
pected on the grounds that the networks can actually gen-
erate hypotheses about the phrase structure of the sentences
in the training data when morphological information is in-
cluded in the input. A larger improvement in network per-
formance for segmental durations, however, points to some
interaction between morphology and segmental durations
in Finnish that merits further investigation.

5. SUMMARY AND CONCLUSION

We have presented our research concerning the importance
of morphological information in relation to prosody control
for Finnish text-to-speech synthesis. The results we present
seem to justify our hypothesis that morphology is important
for both intonation (F0) prediction and the prediction of
segmental durations.

2The networks generally minimized their error within one hundred
training periods and the size for the training material was fairly large
in comparison with the sizes of the networks themselves (over 14 000
vowel phones for the duration networks and over 10 000 syllables for the
F0networks). Therefore, the networks were in fact generalizing and were
not over-trained.

The overall conclusion drawn from the results is that
Finnish TTS systems would benefit from morphological in-
formation and it can be hypothesized that this is the case
with most morphologically rich languages.
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