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Abstract. In the Laboratory of Speech Acoustics prosody gaeimn
experiments have been prepared, in which, amongothers, we were
searching for the possibilities of the recognit@msentence modalities. Due to
our promising results in the sentence modality ged@@mn, we adopted the
method for children modality recognition, and lodKer the possibility, how it
can be used as an automatic feedback in an audisual pronunciation
teaching and training system. Our goal was to agvel sentence intonation
teaching and training system for speech handicappidren, helping them to
learn the correct prosodic pronunciation of sergenén the experiment basic
sentence modality models have been developed asdl &sr the training of
these models, we have recorded a speech prosodbadat with correctly
speaking children, processed and segmented acgorinthe types of
modalities. At the recording of this database, 58deen read a text of one
word sentences, simple and complex sentences. HMMels of modality
types were built by training the recognizer witkstborrectly speaking children
database. The result of the children sentence itpdalcognition was not
adequate enough for the purpose of automatic fe&dhacase of pronunciation
training. Thus another way of classification waspgared. This time the
recordings of the children were sorted rigoroushtiie type of the intonation
curves of sentences, which were different in maages from the sentence
modality classes. With the new classes, furthetstegere carried out. The
trained HMM models were used, not for the recognitof the modality of
sentences, but checking the correctness of thendtiotm of sentences
pronounced by speech handicapped children. Thexefm initial database,
consisting of the recordings of the voices of typeech handicapped children
had been prepared, similar to the database oftyedtiildren.
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1 Introduction

The latest results in computer technology and aligibeech processing made possible
the construction of computer aided systems thatrorg the quality of speech
learning and training. Speech training using thpsesh technology is useful for



speech handicapped persons, especially hard ofngeand deaf children. These

children partially or fully cannot learn the way adrrect pronunciation, including not

only the phonemes, but also larger segmental festulike prosody because of the
distortion of auditory feedback. Recently, speamthhology has appeared in second
language learning too. The capabilities of the medtgy include measuring and

displaying the dynamic characteristics of speectampaters, using auditive, visual

and automatic feedback [1]. Experiments have shdhat, for example a visual FO

display of supra-segmental features combined witticafeedback is more effective

than audio feedback alone [2][3], especially ifd&mnt’s FO contour is displayed along

with a reference model. The feasibility of this eypf visual feedback has been
demonstrated by a number of simple prototypes [[15]}

Our main goal is to develop a speech teaching sy$te speech handicapped
children through a computer-aided system. This wag, are going to teach the
correct pronunciation of the different sentence atitids by visual and automatic
feedback. Institutions that treat speech handichmbédren, for example with hard
of hearing disability, will be able to use the nwthfor improving the children’s
pronunciation. To determine the final use of thehud, like frequency of use and
exact usage, needs discussion with experts onlspee@py of children.

Until now, teaching systems that have automaticfjeek are based only on
segmental features, not on supra-segmental featDresgroup of these systems takes
advantage of the acoustic similarity between thén#re’s acoustic production and a
template to measure the correctness of traineetdystion. In SPECO [4] and ISTRA
[5] similar metric was estimated. In the other groof speech training systems,
phoneme-based Hidden Markov Models are applied[fiId]

In this article we looked for the possibility, h@m automatic prosodic recognizer,
actually a sentence modality recognizer can be fmethe automatic feedback in a
pronunciation teaching system.

In the first part of our research, a prosodic dasabof children was prepared. It
consisted of the recordings of healthy childrere Técorded database was segmented
and labeled manually according to the Hungariatesee modality classes.

After the database preparation a sentence modaltitygnition test wasarried out
by an automatic prosodic recognizer, developedegan our Laboratory [6]

The result of the children sentence modality redagnwas not adequate enough
for the purpose of automatic feedback in case afiygnciation training.

Thus another way of classification was prepareds Time the recordings of the
children were sorted rigorously by the type of thtonation curves of sentences,
which were different in many cases from the sergenodality classes. With the new
classes, further tests were carried out, by trgimind testing the prosodic recognizer.
This way the recognition correctness increasedgieat extent.

In order to test the real usage of the recogniaesmall database was made,
consisting of recordings of two speech impairedidcen. The structure of this
database corresponded with the first database. thadevas examined with which
the recognizer can be used for teaching prosody.



2 Former recognition system

For sentence modality recognition a formerly depelbautomatic prosodic classifier
was used [6]. This recognition system is basedrosqalic Hidden Markov Models.
The features used for the training of these prasoutdels, and for the recognition
are fundamental frequency and energy values, degivates and second derivates.
The prosodic HMM models were built using HTK tool[8].

To train this recognizer, speech databases wereegsed according to the types of
modalities thatvere used. An HMM waassigned to each modality, then the aligned
modality sequence of the incoming speeels searched for.

For the extraction of fundamental frequency andgnealues the Snack toolkit
was used [7]. The calculation was done with 150witelow size and 10 ms time
step. Fundamental frequency values were correctedartti-octave filtering and
median filtering. The recognition was done for s&ntence modality classes —
declarative, question to complement, yes-no quesitoperative, sentence with wish
(“if only...”) and clause (not closing) — and oneesite model. The recognizer was
trained with MRBA [9] and BABEL [10] databases.

3 Database

It is necessary to have a correctly built databdse, every statistical-based
recognition system, which consists of the acoustioals needed to train and test the
recognition system. Because our goal was to deelsgpntence modality recognizer,
we needed a database consisting of recordingseoépipropriate sentence modality
classes.

Two text materials were prepared. The first texitamed on average 10 individual
sentences from each modality class. These sentemees obtained from SPECO
[11], software developed in our laboratory for dhéin speech therapy. The second
text contained 3 short dialogues, made from théesers of the first text. All of the
sentences were used. Some more sentences werel tedsteadded in order to build
appropriate dialogues. These added sentences wenesed during the recognition
experiments.

The recording condition is shown on figure 1. Creld were sitting in front of a
MONACOR ECM-100 microphone and read both texts.rifgentence was recorded
twice, in order to ensure at least one good rengrdrom each sentence. The
microphone was connected to a CREATIVE Sound BiaAtedigy 2 NX external
sound card which was further connected to a partabinputer.

The database was recorded in an elementary schoBu@apest [Elementary
School of Farkasrét in Budapest] with 60 healthg eorrectly speaking children. The
age of the children was between 8 and 13. Thisbdatawas used for training the
recognition system and evaluating it. For furthee,uthe database was manually
annotated by marking the sentence modalities foh eacording. After annotating all
sentences, the average number of samples per lkeashaas 1600.
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Fig 1. Recording condition

4 Adaptation

At the evaluation phase, 70 % of the samples weed for the training of the
recognizer, and 30% was used for testing. Thetseatd shown on table 1.

Table 1. Sentence modality recognition results. Classes: &cldbative K: Question to
complemented E: Yes-no question FF: Imperative éntéhce with wish (,if only...”) T:
Clause (not closing) U: Silence

s [K [E [FF]O [T JuU Corr (%)
S |895]279| 91 [353]240[ 41 |6 47
49 | 57950 |103]68 |36 |1 65,3
E |65 |158|862]95 | 11034 |2 65
FF|69 |98 |52 |505|126|44 |4 56,2
25 [12 |6 |4 [131|7 |oO 70,8
9 [35 |14 |21 [51 [255[12 | 64,2
106 |56 |45 |51 |42 |46 | 5791| 944

Without the quiet parts, the overall result was4@1percent. This performance is
good for a system which is for example an addetesy$o a speech recognizer, but it
is not acceptable for a pronunciation teachingesysfTwo major difficulties occurred
during the evaluation tests. First, in some calersetwere differences in intonation
contours between samples belonging to the same, dd@sause not all the children
said the same modality class with the same prosoldéracteristics. Second, the
complexity of the sentences was different, thereeveme-word, simple and complex
sentences in the case of some classes.

In order to solve these problems, new classes wrr@ed, replacing the former
ones. The new classes were based strictly on thadtion contour of the sentences.



The new classes are shown in table 2. Examplearafaimental frequency contours

can be seen on figures 2 and 3.

Table 2.New classes

TYPE OF TYPE OF SENTENCE | EXAMPLE FORM OF
INTONATION INTONATION
Descending declarative sentence “Aniké is standing \

the gate”
Falling question to be “Why is Aniké standing

complemented there?” \

Ascending-falling yes-no questions “Is Aniko stargiat

the gate?” /\

Falling-descending

imperative and
exclamation sentences

“Come here quickly!”

Floating clauses (not closing) “Anna is standinthat
corridor, ..."
Rising one word questions “No?”

OHz

i Illi\\ \iml | i ’

Fig 2. Examples for classes of table 2. (A: descendindalBng; C: ascending-falling)
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Fig 3. Examples for classes of Table 2. (A: falling-desting; B: floating; C: rising)

For the new recognition tests the sentences wdeeted as follows. From each
class there was 1 given sentence selected per €hilcdhverage, each child said each
sentence two times. If a given child did not reademtence correctly, another
sentence was selected from the same child. Bedhese were 60 children in the
database, there were on average 120 sentencetedgbec class. As a result of this,
we got a sentence set, that hereafter we will“salhtence set 1”. The above process
was repeated on different sentences per classthamavay we got another sentence
set, that hereafter we will call “sentence set\®ith these two different sentence sets
it was possible to tests grammatically similar aivkrse sentences by mixing them
together. The two sentence sets are shown in Bable

Table 3.Sentences of the two sentence sets

Class| Sentence set 1 Sentence set 2

A David has the croissant. Peti has got the hat.

B Oh, how am | glad! If only he was standing thefe!
C Does he have got the hat? Did you get a mark fbday
D

E

F

You must stand there too! Come here quickly!
Anna is standing at the corridor, (.].) Anna godéswou, (...)
Want some? But?




Table 4 shows, that during the initial tests, isecaf some classes, the automatic
recognizer could not separate classes correctipercase of classes that have similar
prosodic characteristics. These classes were thaliff’ and the “Falling-
descending”. Further on these classes were coatract

Table 4. Recognition results with sentence set 1 for sixsgasDark fields show, that in case
of classes B and D the system could not decide uwvacplly. (Classes: A: descending; B:
falling; C: ascending-falling; D: falling-descendirig: floating; F: rising)

D | E | F | CORRI[%]
1| 1] o] 930
7 oo 781
96.6
13/ 1 | 0| 433

1| 30 o] 76.9
0| 0| 36 100.0
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With the reduced class set (B and D are contradteslyecognition results were
above 90 percent (table 5). When the two senteetseveere mixed, the recognition
went below 87 percent. In order to see the effectare diverse training data, a third
sentence set was chosen in the same way as thetwthd=igure 4 shows, what kind
of effect has the more diverse training data onréoegnition. It shows that the best
recognition can be achieved by using less divaesrihg and testing data. Therefore
in the real teaching system, only a specific dataskould be used at a time.

Table 5.Recognition results with sentence set 1 for redutass set

A |B |C | E | F | CORR[%]
Al4a2]1Jolo] o] 977
B|1 [51] 5] 4] 1] 823
clofof27] 1] 1] 931
E[1 [1]1]36 o] 923
Flo o] o] o 36 100
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Fig 4. Effect of the diverse training data on automat@ogmition

5 Testing method with hard of hearing children

The main goal of the research is to develop a m@tiog system that can be used in a
teaching system for hard of hearing children. Ideorto do this, the recognition
system built in the previous chapter was used fosnmaall database of speech
handicapped children’s recordings, which was reedréh a special institute for
hearing handicapped children. This database cedsidtrecordings from two speech
impaired children. The correct operation of theoggizer means that if the child says
the sentence with bad pronunciation, the recognigbrclassify it falsely. On the
other hand, if the pronunciation is good, the reiogr has to classify it correctly. On
Figure 5, there is an example shown, how the ratiogrsystem can be used in a real
environment. The first fundamental frequency contisufrom a healthy child, the
second is from a hard of hearing child, and botthem were classified correctly. The
third recording is from a hard of hearing childdahe recognizer did not classify it
correctly to the same class as the others.
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Fig 5. Recognition of recording of hard of hearing childrélustrated by fundamental
frequency. (Description: (a) recording from healtdhjld; (b) a correctly classified recording
from hard of hearing child; (c) a falsely classifiecording from hard of hearing child)

It can be seen from the examples presented abatéhhproblem of the automatic
feedback is that we do not know when the recogriasrto refuse the pronunciation,
and when the recognizer can accept the actual lbmaust be worked out in the
future. Otherwise the strictness can be adjustednbglifying the probability of the
acceptance.

6 Conclusion

In the paper we presented an automatic sentenmeaiitbn recognition method, that
can be used as an automatic feedback in a prosadiiihg system in the future. First,
a database was created that consisted of recortfimigshealthy children. The text
material of the database was assembled from tws.t&ke first consisted sentences
of six Hungarian modality classes. The sentenceee vgelected from formerly
developed software, SPECO. The second text was finaatethe first text, making
three dialogues using the same sentences. The daidbase was segmented and
annotated marking the sentence modality classes.

After the initial tests it was clear that the ongi six sentences modality classes
used for speech recognition purposes were not pppte, therefore a new annotation
was made. Sentences were categorized strictly @iogpto their intonation, and thus
the recognition increased to a great extent.

Verifying tests were made with the database ofhealthy children in order to
prepare the recognizer to its real usage. Thetseshbwed that the recognition ratio
decreased in the case of more diverse training. detas it is clear, that for
pronunciation teaching purposes only well seletteitiing data are acceptable for the
contraction of the reference sentence intonatiodetsoin the recognizer.



In the future, it is necessary to develop an omatidon technique on the base of
which we can adjust the probability of the accep¢aof the recognizer. Thus we plan
to prepare a large sentence intonation databasmpaired children. Moreover for
tuning the probability of the acceptance of theoeatic recognizer we plan a
perception experiment, in which human listeners halve to categorize the different
sentences by listening to them. This perceptioregrpent makes us able to examine
the listener’s acceptance of different sentences.
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