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Abstract: In this paper the data driven prediction of word level prosody modeling for Slovenian language is presented. Automatic learning techniques
depend on the construction of a large corpus labeled with appropriate labels. The labeling can be done either automatically or by hand. While automatic
labeling can be less accurate than hand labeling, the latter is very time consuming and in some cases inconsistent. Therefore we will present a new semi-
automatic approach for determining prosody breaks features with a graphical user interface (GUI). The GUI combines the advantage of hand labeling and
automatic labeling by achieving a high consistency in labeling and reducing the time that would be needed for hand labeling. The labeled Slovenian corpus
has been used to train our phrase break prediction module, using a neural network (NN) structure. We used an MLP structure suitable for Digital Signal
Processor (DSP) implementation. Experiments for the data driven prediction of major/minor phrase breaks have been performed. The achieved predic-
tion accuracy marks a good entry-level for phrase break prediction of the Slovenian language and is comparable to other approaches in phrase break
prediction where more complex prediction methods were used and a much larger corpus was used for training. The achieved overall prediction accuracy
is about 80 %.

Napovedovanje simbolicnih prozodi¢nih mej z nevronskimi
mrezami

Kljuéne besede: simbolicna prozodija, podatkovno vodeni pristop, prozodiéne meje, simboli¢ne prozodiéne znaénice, napovedovanje, digitalni signalni
procesor, nevronske mreze, vecplastni perceptroni

Izvledek: V ¢lanku bomo predstavili podatkovno vodeno modeliranje prozodije na nivoju besed za slovenski jezik. Samodejne tehnike ucenja so odvisne
od zasnove obsezne besedilne zbirke oznacene z ustreznimi znac¢nicami. Oznadevanje lahko izvedemo samodejno ali roéno. Ceprav je samodejno
oznagevanje ponavadi manj natan¢no kot roéno, predstavija slednje ¢asovno zelo obsezno proceduro, ki je v doloéenih primerih nedosledna. Predstavili
bomo postopek polavtomatskega dolo¢anje prozodic¢nih mej z uporabo interaktivnega grafi¢nega vmesnika (GUV). GUV zdruzuje prednosti roénega s
samodejnim, bolj konsistentnim oznacevanjem in prispeva k zmanj$anju potrebnega ¢asa za oznacevanje. Oznacena besediina zbirka v slovenscini je bila
uporabljena pri uéenju modula za napovedovanje prozodicnih mej. Modul smo zasnovali na strukturi nevronskh mrez z vedplastnimi perceptroni, ki je
primernejda za implementacijo v digitainih signalnih procesorijih. 1zvedli smo poskuse za napovedovanje vedjih/manjsih prozodiénih mej. DoseZena uspes-
nost napovedovanja predstavija dobro izgodisce pri napovedovanju prozodije na nivoju besed za slovenski jezik in je primerljiva z drugimi pristopi napove-
dovanja prozodiénih mej, kjer so za napovedovanje uporabliene bolj kompleksne metode in strukture ter bistveno obseZnejée besediine zbirke za udenje.
Sposna uspesnost napovedovanja mej (je/ni) presega 90%.

matic labelling techniques to somehow speed up the la-
belling process. Therefore a prototype of a new, interac-
tive GUI (tool) for semi-automatic symbolic prosody label-
ling, which uses the segmented spoken counterpart of the

1 Introduction

Automatic learning techniques offer a solution when adapt-
ing prosodic models to a new language (in a multilingual

text-to-speech (TTS) system), voice or a new application.
Data driven techniques allow prosodic regularities to be
automatically extracted from a prosodic database of natu-
ral speech. Such techniques depend on the construction
of a large corpus labelled with symbolic prosody labels.

In the first steps toward creating an inventory for the data
driven approach of symbolic prosody prediction, the label-
ling of data can be performed by hand as well as automat-
ically if no reference corpora is available. While automatic
fabelling can be less accurate than hand labelling, the lat-
ter is very time consuming.

Both goals had to be accomplished: the preparation of hand
labelled corpora and in parallel the development of auto-

text as input was developed. This tool combines the ad-
vantage of hand labelling and automatic labelling by achiev-
ing a high consistency in labelling and reduces the time
needed for hand labelling.

Improvement in prosody prediction remains a challenge
for producing really natural text to speech systems (TTS).
As manual labelling is time and cost intensive, automatical-
ly labelled databases are preferred /6/, /17/.

The problem of producing good prosody models can be
tackled either by using;

- linguistic expertise - adapting the models by hand or

- automatic learning technigues to adapt the models
automatically by making use of large speech corpora.
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The second approach offers the potential for rapid model
adaptation and can to some extent be seen as language
independent /2/.

Data driven approaches allow rapid adaptation to new lan-
guages and/or databases and therefore are suitable for
multilingual approaches where large speech corpora are
processed and models are adapted for prosody genera-
tion.

Prosodic labelling based on perceptual tests is very time
consuming and usually inconsistent. People with expert
phonetics and linguistic knowledge are required. In the
presented approach, avoiding the necessary expert, the
use of a graphic tool to minimise the required expert knowl-
edge was proposed. Our goal was to reduce manpower,
time, and expenses for prosodic labelling. The tool has a
graphical interface helping the labeller (expert or novice)
to consistently label symbolic phrase boundaries and,
therefore, minimise the time required for labelling.

2 Database

To our knowledge, no prosodically labelled corpora for
Slovenian language exists, that can be used for prosody
research in speech synthesis. An important step during
the adaptation of a TTS system to a new language is the
design of a suitable database.

2.1 The corpus

The corpus consists of 1206 sentences in the Slovenian
language (orthography) which equals app. 3 hours of
speech. The selection of the text was designed to ensure
good coverage of the phones in the Slovenian language,
also some clauses were gathered and included from dif-
ferent text styles (e.g. literature and newspaper texts).

The majority of sentences in the database had between
15 and 25 words. Four different text corpora were select-
ed and statistically analysed. The selection of sentences
for the final corpus was based on a two-stage process. In
the first stage an analysis based on statistical criteria was
performed. In the second stage the final text was chosen
based on the results of the first stage /10/.

2.2 Audio recordings

The audio database recordings were created in a studio
environment with a male speaker reading aloud-isolated
sentences in the Slovenian language. Every sentence was
sampled at 44.1 kHz (16 bit).

Since the speaker was a professional radio news speaker
the speech contained no disfluencies (i.e. filled pauses,
repetitions and deletions) although for this particular speak-
er there are some indices for hesitations in the form of
pauses and lengthening. Compared to the German cor-
pus /19/ of resembling extent used in /8/, the percent-
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age of hesitations differed essentially (<0,5% German,
>15% Slovenian).

2.3 Phonetic transcription

The phonetic transcription was managed using a two step
conversion module. The first step was realised with a rule-
based algorithm. Subsequent to the first step the second
step was designed using a data driven approach (neural
networks were used).

The module was designed for the support of two approach-
es in grapheme-to-phoneme conversion. The first part was
intended for those cases where no morphological lexica
was available. The first rule based stress assignment was
done, followed by a grapheme-to-phoneme conversion pro-
cedure.

The step of stress marking before grapheme-to-phoneme
conversion is very important for the Slovenian language,
since it very much depends on the type and place of the
stress. If the phonetic lexicon is available, a data driven
approach, representing the second part in the module,
using neural networks can be used. Here, the phonetic
lexicon was used as a data source for training the neural
networks /10/.

2.4 Part of Speech Tags

The text corpus was hand-labelled using the following part-
of-speech tags (POS) /15/:

SUBST for nouns,

VERB for verbs,

ADJ for adjectives,

ADV for adverbs,

NUM for ordinal and cardinal numbers,
PRON for pronouns (nouns, adverbs, ...),
PRED for predicative,

PREP for prepositions,

® N Do e N s
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CONJ for conjunctions,

10. PART for particle,

11. INT for interjection,

12. IPUNC for inter punctuation and
13. EPUNC for end punctuation

All tags were combined in an environment where tracking
and correcting tags were simplified for the labellers /13/.

Compared to the tag-set in the German corpus used in /8/,
the tag-set for the Slovenian language is smaller. The dif-
ference in size occurs because the Slovenian corpus is
hand-tagged and no reliable tagger currently exists for a
large tag-set (Figure 1).
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1. » Dvestodeset-STE
Nemec: 52

GLAG  nekap ZAI0M - po !
evropskih-PRID--klubov. SAM:- -k

With POS and prosody breaks labeled
clause

Figure 1:

2.5 Phonetic segmentation and labelling

The spoken corpus was phonetically transcribed using
HTK. Along with standard nomenclature two special mark-
ers were used for pauses between phonemes. "sil" de-
notes the silence before and after sentence. "sp" denotes
the silence between words in the sentence. Both were
determined with one state HMM and all phonemes with
three state HMM respectively in the HTK environment (Fig-
ure 2).

H#IMLFH#
“*Istavek_1.lab”

0 1750000 sil
1750000 2650000 d
2650000 2950000 v
2950000 3900000 e
3900000 5000000 s
5000000 5250000 t
5250000 5550000 O

92400000 92950000 k
92950000 93300000 |
93300000 94300000 u:
94300000 94550000 b
94550000 94950000 O
94950000 96500000 W
96500000 100350000 sil

An example of phonetic segmented and
labeled text

Figure 2:

3 Prosody breaks labelling

3.1 Labelling inventory

Since no inventory for symbolic prosody breaks labels is
defined for the Slovenian language, we decided to use sim-
ilar labels to those used in /5/ and in /7/. Thus the pros-
ody break labels were determined through acoustic per-
ceptual sessions and the text was labelled speaker de-
pendent. The following inventory of prosody break labels
was used for labelling the corpus /12/:

- B3 prosodic clause/phrase boundary
- B2 prosodic phrase boundary

- B9 irregular prosocdic boundary, usually hesitation,
lengthening and unwanted pauses and

- BO for every other boundary.

The acoustic prosodic boundaries were determined by
boundary indication, listening to audio files and visual out-
put (pitch and energy) from our tool.

3.2 Semi- automatic prosody breaks
labelling

A tool intended to help the labeller (novice or expert) to
make decisions about prosody breaks within each sen-
tence was designed /14/. The tool indicates possible pros-
ody boundaries, which depend on the segmented pauses
in spoken corpora and pitch accents.

Experiments on multi-lingual databases (3 languages) have
shown that the strategy of segmenting the speech signal
with pauses, yields a significant improvement in annota-
tion accuracy /18/.

Syllable and word boundaries are marked by vertical lines
adding overview clearness and *B* marks for symbolic pros-
ody boundaries are inserted in the sentence concerned.

The tool indicates markers for prosody boundaries taking
phonetic segmentation of pauses into account. The posi-
tion of prosody boundaries is selected by considering the
duration of silence between words. The decision of indi-
cation is made by comparison with a specific threshold.
This threshold can be changed manually and can be tuned
according to a specific speaker /14/.

4  Labelling results

Labelling experiments were performed for prosody breaks
and, additionally, one experiment for accents labelling. In
the first experiment prosody breaks labels were marked at
positions indicated by the tool.

Additionally, a careful analysis of the fO-contours, energy
contours, and perception lead to the insertion at positions
that the tool did not indicate. This labelling scheme result-
ed in a database further referenced by DB1. In the second
experiment, labels were only marked at positions indicat-
ed by the tool. This resulted in database DB2.

The occurences of prosody break labels
in DB1 and DB2

Figure 3:

215



Informacije MIDEM 32(2002)3, str. 213-218

J. Stergar, B. Horvat:
Prediction of Symbolic Prosody Breaks With Neural Nets

The frequencies of occurrence for each labelled break for
each POS tag are presented in Figure 3. The increase of
B2 tags in DB1 compared to DB2 is proportional for al-
most all POS tags. The increase of B9 labels is evidently
minor to the increase of B2 labels and in our opinion is
strongly speaker dependent.

The complete labelling of 600 clauses had now been per-
formed. It was possible to detect 77,95% of all breaks (over
93 % for B3) and considerable shorten the time needed
for labelling the database with the semiautomatic method
used /13/.

5 Phrase break prediction module

5.1 Input parameters

Which parameters are relevant for symbolic prosody label
prediction remains an open research question. A carefully
chosen feature set can help to improve prediction accura-
¢y, however, finding such a feature set is work intensive. In
addition linguistic expert knowledge can be necessary and
the feature set found can be language and task depend-
ent. A feature set which is commonly used and which
seems to be relatively independent of language and task
is part-of-speech (POS) sequences /8/.

NUM Dvesto
NUM deset

SUBST  centimetrov 8

ADJ Visoki O

SUBST Nemec O

ADV ne O

VERB skriva

SUBST  ambicij

PREP v O
[ADJ ameriiski Q

SUBST  ligi 8

PUNC .
[ADV saj | 8 block of
(VERB e ) — 8 neurons for
ADJ ik a specific ta
PREP _ pred O P &
SUBST  prvenstvom Q

VERB zavrnil 8

PRON nekaj O

SUBST  ponudb

ADJ bogatih

ADJ evropskih

SUBST  kiubov 8

PUNC o

O

Figure 4: Input mapping into the MLP structure

POS sequences of length four to the left and right of the
position in question were used. For the input of our pre-
diction model the POS sequences were coded with a ter-
nary logic (-1 for a non-active node, +1 for an active node,
O: notvalid) /4/. Thus for each POS tag a vector was ob-
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tained with a dimension of the size of the tag-set. The size
of our tag set was 13. Using a POS sequence length of
four to the left and right for the Slovenian language, we
achieved m = (4+1+4)* 13 = 117 dimensions. The dimen-
sion of our input vector as well as tag-set is similar to the
English (German) language prediction tests in /8/ where
a tag-set of length 14 was used (Figure 4).

5.2 Design of the neural network model

MLP networks are normally applied to performing super-
vised learning tasks, which involve iterative training meth-
ods to adjust the connection weights within the network.
This is commonly formulated as a multivariate non-linear
optimisation problem over a very high-dimensional space
of possible weight configurations./3/. One (two) hidden
layers connected to the input layer (and bias) were used
and tests were performed with 30-40 neurones in each
layer (Figure 5). The output layer was reduced to one (two)
single outputs. The results presented (cf. Experiments and
results) are for MLP structures with one hidden layer,

5.3 Training and pruning method

Avariation of the standard back-propagation algorithm was
applied to train the NN - VarioEta /11/. Patterns were se-
lected with a quasi stochastic procedure. An approxima-
tion of the gradient was used for the determination of search
direction di, computed from the average over a subset M
of all patterns:

1 "
VEM(W):MZ%MVE (W) (1)

one-out-of-n input mapping {

(0. 1]

Figure 5: The MLP NN architecture

Note that dj is not normally parallel to - VM (1) and thus
VarioEta does not constitute a pure gradient method. The
subset M was determined with a permutation procedure
known as "drawing without replacement”. During the first
adaptive step, X patterns were chosen at random, during
the second step X of the remaining |M| (|M| denoted the
number of elements of M), and so forth. Each pattern had
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the same probability of being chosen. After Y steps, every
pattern would be read in exactly once. The initial setting
for the training started with a learning rate of N =0.05, de-
creasing its value every 10 epochs. The values for |[M|
were varied between 50 and 250.

The network was trained so that the output error on valida-
tion data converged to a local minimum using the /ate stop-
ping strategy /9/. A careful examination of correlation be-
tween the transformed ternary coded input patterns was
performed. Nodes with high correlation rates (over 90 %)
were removed from the input training inventory. Irrelevant
and destructive weights were eliminated by early brain dam-
age /16/. Node pruning based on sensitivity analysis was
used to reduce the number of hidden neurones /9/.

6 Experiments and results

After labelling the corpus as described in the preceding
section, the two databases (DB1 and DB2) were used to
train the phrase break prediction module of our text-to-
speech system. For both databases the B9-labels mark-
ing hesitations were removed prior to training, since hesi-
tations generally occur at positions where a break seems
unsuitable. Both databases were identically split into a train-
ing set (70% of the data), a validation set (10% of the data)
used to avoid overfitting, and a generalisation set (20% of
the data). All results were determined on the independent
generalisation set.

Tests were made comparing the prediction results using
labelled data in DB1 and DB2 as training data for our phrase
break prediction module. The results were significantly
better for DB2 (Table 1). This is probably due to the fact
that the consistency for the labels detected by the tool is
much higher than the consistency for the cases where
additional breaks are labelled based on perception. It also
showed that the prediction accuracy degrades only insig-
nificantly for those cases where the minor and major breaks
were grouped (minor = major) if DB2 was used to train the
phrase break prediction module. This means that for the
case of break vs. non-break prediction, this tool can be
used for labelling without performance loss. This results in
a significant reduction in time needed to label a database.

Table 1. Comparisons of phrase break prediction for

DB1 and bB2
breaks DBA1 DB2
minor/major 74,05 % 79,37%
minor=major 77,74 % 80,60 %

Considering the discussed results in previous paragraphs
and the fact that tests of prediction accuracy no matter
what approach is used for prediction, are preferably made
with hand labelled corpora /1/, /8/, for comparison rea-
sons it was decided to conduct further experiments with
the DB1.

Table 2. Resuits for phrase break prediction DB1

NB incorrect overall
94,03 %

breaks B correct
DB1 77,74 % 4,95 %

Table 3. Confusion matrix for the generalisation data

predicted/actual _ breaks non-breaks all predicted
breaks 2008 256 2264
non-breaks 582 11176 11758

all actual 2615 11432

In tables 2 and 3 the results are presented for the phrase
break prediction module. Despite the limited labelling ma-
terial available (600 labelled clauses were used) and the
multi layer perceptron (MLP) NN structure used for predic-
tion, the results accomplished are comparable to predic-
tion accuracy for German /8/ and English /1/.

Forthe prediction of breaks (B correct) the results are equiv-
alent to the achieved accuracy prediction of B correct
(77,87 %) for German in /8/ or nearly equivalent to
achieved accuracy prediction of B correct (79,27 %) for
Englishin /1/ despite a much smaller inventory of clauses
used. Slightly better overall and non-break (NB incorrect)
prediction accuracy was achieved. In the next tables (Ta-
ble 4, Table 5, Table 6, Table 7) the results for isolated
major/minor phrase breaks prediction accuracy are pre-
sented.

Table 4. Results for B3 phrase break prediction DB1

NB3incorrect  overall
98,36 %

breaks B3 correct
DB1 74,05 % 0,15 %

Table 5. Confusion matrix for the generalisation data on

B3
predicted/actual  breaks non-breaks all predicted
breaks 605 19 624
non-breaks 212 13211 13423
all actual 817 11432

The results presented for achieved phrase break predic-
tions of B3 markers are superior to the prediction for B2
markers. The reason for the difference is assumed to be
the percentage of additionally hand labelled B2 markers in
DB1. The first experiments using the DB2 for input data
are much more promising, although the database is not
covering the entire inventory of hand labelled phrase breaks
in the Slovenian corpus. Therefore some additional exper-
iments (time consuming perceptual sessions) will be nec-
essary to evaluate the suitability of the covered prosody
features.

Table 6. Results for B2 phrase break prediction

NB2 incorrect  Overall
92,43 %

breaks B2 correct
DB1 66,13 % 3711 %
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Table 7. Confusion matrix for the generalisation data on

B2
predicted/actual  breaks non-breaks all predicted
breaks 1189 454 1643
non-breaks 609 11795 12404
all actual 1798 12249

7 Conclusion

This paper presents an approach for the labelling and clas-
sification of symbolic prosody phrase breaks for the Slove-
nian language. A universal tool for hand labelling the cor-
pora with prosodic markers was designed and used for
the labelling of Slovenian corpus for phrase breaks and
accent prediction. This tool can be seen as a first step
towards the semi-automatic labelling of prosody features
for the Slovenian language. Our aim was to design a tool
suitable for performing multilingual prosody labelling. Only
features for prosody prediction were, therefore, used which
seem to be relatively independent of language and task.
Our conclusion is that the approach used - the segmented
pauses in the speech corpus for phrase boundary indica-
tion - is very useful for the symbolic prosody breaks label-
ling of the Slovenian language. Firstly, it considerably re-
duces the time needed for labelling and, secondly, it pro-
vides a high level of support to a labeller for consistent
labelling of prosodic events. Nevertheless the data obtained
with our labelling tool seems to be much more suitable for
the training of our prediction module. The NN structure
used is accurate enough when compared to other, more
complex, NN structures and approaches in prediction of
symbolic prosody markers.

The database for the Slovenian language labelled with the
proposed tool was used to train our phrase break predic-
tion module /13/. The achieved prediction accuracy marks
a good entry-level for phrase break prediction accuracy of
the Slovenian language. Nevertheless a minor clause in-
ventory was used, compared to other approaches, with
equivalent or superior success in phrase break prediction
accuracy.

We also conclude that the simple NN structure proposed
is suitable for implementation in DSP environments for
speech synthesis as an ad-on prosodic module.
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