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Abstract: We propose an automatic utterance type recognizer that distinguishes declarative
questions from statements in Indonesian speech. Since utterances in these two types have the same
words with the same order and differ only in their intonations, their classification requires not only a
speech recognizer, but also an intonation recognizer. In this paper, the most important utterance part
for distinguishing those two types is first identified by perceptual experiments. Then, an utterance type
recognizer using that part is proposed, where polynomial expansion is used as a feature extractor and a
neural network is used as a classifier. We evaluated our method using Indonesian speech database
including 29 pairs of sentences of those two types, each of which uttered by 35 speakers. It was proved
that final word and final-nwa-syllables are equally effective for the discrimination of each utterance.
The proposed recognizer achieved the best accuracy of 89.1% when the order of polynomial expansion
was three and the neural network was a linear perceptron.
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1. INTRODUCTION

Usually utterances are grouped into four types: ques-
tions, statements, exclamations, and commands. Utterance
types are also called utterance classes, dialogue moves,
dialogue acts, and speech acts [1]. Utterance type informa-
tion is important understanding. Spoken
dialogue systems often use it to identify users intention
[2]. Automatic speech recognition systems use it to
decrease the word error rate of the system [3-7]. Speech
translation systems use it to resolve ambiguities in trans-
lating utterances [8—10].

The question type is further divided into two types:
open-question and ves-no-question [11]. An open guestion
involves question words such as where, how, why, etc. A
yes-no question allows only two possible responses,
positive (yes) or negative (no). In Indonesian language, a
yes-no question is generated in three ways: (1) by using the
question indicator ‘apa’ with or without the interrogative

for speech
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suffix “-kah’, (2) by using the interrogative ‘-kah’, and (3)
by intonation [12]. The last type (3) is called a declarative
question (DQ). Since a DQ has the same words in the same
order as a statement, it is impossible to distinguish them
only from their transcriptions. Automatic discrimination
between a DQ and a statement in Indonesian utterances
needs not only a speech recognizer, but also an intonation
recognizer, but to the best of our knowledge, no studies
have ever addressed this problem.

The intonation of DQs and statements in Indonesian
language are subject to change from various reasons
[13-16]. A speaker can utter a word of Indonesian with
different stressed syllables without changing its meaning
[12,17-19]. Even native listeners are often confused in
recognizing the two utterance types in some Indonesian
dialects, which are especially the dialects that differ
from their own dialects. These phenomena make the
utterance type identification using the intonation infor-
a difficult task. We believe that a statistical
approach based on Indonesian speech data is more
robust against these variations than a rule-based ap-
proach using some rules built using prior knowledge
about the language.

mation
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Several methods have been investigated to recognize
the utterance types in other languages. Those methods
include n-gram language models, hidden Markov models,
nave Bayes classifiers, Bayesian networks, multilayer
perceptrons, decision (rees, (ransformation-based learning,
and memory-based learning [3,5,9.20-25]. Most of them,
however, utilized language model information, which
cannot be used in our problem since the two types, DQs
and statements, have the same transcription. A few studies
utilized pitch contour representation for utterance type
classification. For example, Ishi er al. used perceptually-
related FO parameters to automatically classify phrase final
tones of Japanese [25] and proved its effectiveness. Since
it heavily relied on the syllable structure of Japanese, it
cannot be used for our purpose. Effendy ef al. (2004)
analyzed the utterance types in Indonesian speech. They
used Fujisaki model to represent DQs and statements in
Indonesian speech [13]. However, the algorithm to estimate
the parameters of Fujisaki model was too complicated to be
implemented in an automatic utterance type recognizer and
may not be applicable to speaker-independent recognition.

In this paper, we propose a speaker-independent
utterance lype recognizer to distinguish DQs from state-
ments in [ndonesian speech. We first conduct perceptual
experiments to reveal the most prominent of the utterance
parts that distinguish DQs and statements. Four types of the
utterance parts: final word, final syllable, final-two-sylla-
bles, and final-but-one-syllable (the syllable before final
svllable) are investigated in the experiments. Then, we use
the pitch contour information, which is the major correlate
of intonation [26-28] and apply the polynomial expansion
[29-31] to extract features from the pitch contour. Finally,
a neural network classifier is used to distinguish between
DQs and statements in Indonesian speech. This method is
expected to be robust against variation in intonation and
speaker characteristics.

The next section describes the database used in this
research. Section 3 explains the perceptual experiment,
Section 4 explains our recognizer, Section 5 reports the
results of our evaluation, and Section 6 concludes this

paper.
2. SPEECH DATA

We collected speech data of 29 sentence pairs, each of
which consists of a statement and its corresponding DQ.
The two sentences in each pair have the same words in the
same order and differ only in intonation. The sentences are
selected from the daily life conversation among Indonesian
speakers and listed in Table 1 [13]. We recorded speech
data of 35 Indonesian native speakers. They consist of 11
female and 24 male speakers with ages ranging from 23
to 50. The recordings of the speech data were carried out in
an office environment. In this recording. we asked each
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subject to utter the 29 pairs of sentences as naturally as
possible. Unlike what Yuan er al. did [32]. the number of
words in each sentence differed from each other. After
recording, two subjects verified the speech data subjec-
tively three times and removed the utterances with wrong
intonation. In the experiment, |12 utterances were re-
moved. Therefore, there were 1,918 utterances that were
available to investigate the utterance type recognizer.
Then, the speech data were divided into four sets,
keeping the balance in gender and data amount as
illustrated in Table 2. Set I and Set IV contain speech
data from 12 male speakers and 5 female speakers. Set II
and Set I contain speech data from another group of
speakers; 12 male speakers and 6 female speakers. Set I
and Set IT contain speech data consisting of 14 pairs of
sentences, while Set IIT and Set 1V contain speech data
consisting of 15 pairs of sentences from another group.
Consequently, there are 1866 utterances consisting of 221
statements and 221 DQs in set [, 234 statements and 234
DQs in set 11, 241 statements and 241 DQs in set IT1, and
237 statements and 237 DQs in set IV. In the balance
process between statements and DQs in the same set, we
removed 12 statements in set 1, 10 statements in set 11, 22
statements in set I1I, and 8 statements in set IV,

3. PERCEPTUAL EXPERIMENT

Speech data uttered by four male and four female
speakers, which are chosen from the speech data that are
explained in Section 2, are used in the perceptual experi-
ment. The experiment is aimed at finding the most
prominent of the utterance parts that distinguish DQs and
statements in Indonesian speech. We pre-process the
speech data before using them in the experiment. In the
pre-processing, we manually segment the data to get
specific parts of utterances: final word, final syllable, final-
two-syllables, and final-bui-one-syllable. In the segmenta-
tion process, we listen to the wave file of each sentence to
look for the boundary of the specific parts. Then, we
manually cut the wave file to extract the specific parts.
From the segmentation of female speech data, we have 230
Jinal words, 231 final syllables, 153 final-two-syllables, and
234 final-but-one-syllables. From the segmentation of male
speech data, we have 231 final words. 228 final syllables,
148 final-nwo-syllables, and 227 final-but-one-syllables.
The data are described in Table 3. The number of each type
of the utterance parts is not the same because the speech
data consist of final words that consist of different numbers
of final svilable, final-two-syllables. and final-but-one-
syllable, as a natural characteristic of Indonesian speech.

After preparation and segmentation of the speech data,
we asked five male subjects, which are different with the
speakers of the speech data. to listen to the speech data and
to try to recognize the type of the utierances.
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Table 1 Twenty nine sentences selected from the daily life conversation among Indonesian speakers.

No Sentence in Indonesian Translation in English
1 Tikar itu baru saja dicuci That mat was just cleaned
2 Tembok itu dikotori oleh Iwan That wall was dirtied by Iwan
3 Jagoan itu menendang tiga orang penjahat That hero kicks three criminals
4 polisi menangkap penjahat pagi tadi A policeman catches a criminal this morning
5 Sepeda Iwan masih di bengkel Iwan's bicycle is still in a service center
6 Dia sudah pergi tadi pagi He has gone this moming
i Pensil ini sudah tidak runcing This pencil has not been sharp
8 Gelas ini mudah pecah This glass is fragile
9 Dia suka menolong orang luin He likes to help other peoples
10 Lisa sedang menvanyi dan menari Lisa is singing and dancing
11 Dia sudah makan He already eat
12 Albert lupa pada dirinya sendiri Albert forget on himself
13 Kuneci pintu itu dibobol maling The key of that door is stolen
14 Kucing telah menangkap seekor tikus A cat has caught a mouse
15 Komputer itu terjangkit virus That computer is infected by virus
16 Ibu sedang belanja ke pasar Mother is shopping to a market
17 Jendela itu tidak bisa dibuka That window cannot be open
18 Headphone itu sangat bagus That headphone is very good
19 Dokter sedang memeriksa pasien The doctor is diagnosing a patient
20 Kursi ini baru dicat This chair is just painted
21 Atap rumahnya sudah bocor The roof of his house has been broken
22 Lantai itu sudah kamu bersihkan The floor has been cleaned by you
23 Adik sedang bermain The younger brother is playing
24 Andi berlari ke arah mobil Andi run to a car
25 Kucing dan anjing sedang berkelahi A cat and a dog are fighting
26 Televisimu telah dibeli oleh Umar Your television has been bought by Umar
27 Samsul belum selesai membaca buku itu Samsul has not finished reading that book yet
28 Bapak sedang mengajar Matematika Father is teaching mathematics
29 Air di tangki sudah penuh Water in the tank has been full

Table 2 The Indonesian speech database of statements and declarative questions.

Speakers
Sentences First group of speakers Second group of speakers
- 12 male speakers -12 male speakers
- 5 female speakers - 6 female speakers
14 pairs of Set'1 Set 11

sentences in the
first group

Statements: 221
Declarative questions: 221

Statements: 234
Declarative questions: 234

15 pairs of Set IV
sentences in the

second group

Statements: 237
Declarative questions: 237

Set 111
Statements: 241
Declarative questions: 241

Table 4 shows the correctness of the utterance type
identification. The experimental results indicated that the
subjects recognized the two utterance types with various
recognition rates depending on what the utterance part they
listen to. The average recognition rate by listening only to
final-but-one-syllable is the lowest: 72.5%. The average
recognition rates of the subjects by listening to the other
parts of the utterances: final word, final syllable, and final-
two-syllables are more than 90.0%, which are much higher
than the average recognition rate by listening to final-but-
one-syllable. Three listeners identified the sentence types

using final-two-syllables with higher recognition rate than
using final word. However its average recognition rate,
96.8%, is lower than the average recognition rate using
final word, 97.1%. Based on the experimental results, we
conclude that the final word and the final-two-syllables are
both important utterance parts for the discrimination. In our
preliminary experiments using automatic utterance recog-
nizer under the assumption the syllable boundaries are
given, these two parts had the similar performance (the
Sinal-two-syllables 0.1% better than final werd in recog-
nition accuracy). We prefer to use final word in this study,
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Table 3 Speech data for the perceptual experiment.

Speech Data # Utterances

Female
final word 230
final syllable 231
final-two-syllables 153
final-but-one-syllable 234
Total Female 848
Male
final word 231
final syllable 228
final-two-syllables 148
final-but-one-syllable 227
Total Male 834
TOTAL 1682

Table4 The correctness of the utterance type recog-
nition by the listeners in the perceptual experiment.
FW: final word, FS: final syllable, FTIS: final-two-
svllables, FBOS: final-but-one-syllable.

Correctness (%)

Listeners
FW FS FTS FBOS
Sl 974 95.4 96.4 76.8
S2 95.5 95.0 98.4 70.0
83 98.7 97.8 100.0 157
S4 98.3 95.9 89.4 68.8
S5 992 73.9 100.0 71.2
Average 97.9 01.6 96.8 725

however, mainly because the word boundary is more
accurately obtained than the syllable boundary by our
segmentation module.

4. AUTOMATIC UTTERANCE TYPE
RECOGNIZER

We propose an automatic utterance Lype recognizer to
distinguish statements and DQs in Indonesian speech. This
recognizer is speaker- and gender-independent, and con-
sists of an automatic utterance segmentation module, an F0
extractor, a normalizer, a feature extractor. and a classifier
as illustrated in Fig. |. In this study. we assume that the
correct transcription is given, since there are no large
databases available to train accurate acoustic models in
Indonesian language at present. Each of the subsystem of
the recognizer will be described further in the next
subsection.

4.1, Automatic Utterance Segmentation

To get the final word boundary, we design an automatic
utterance segmentation module using HTK [33]. We
assume that the transcription of each utterance is known,
and perform alignment between each utterance and its
transcription using Viterbi algorithm. For this procedure,
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Fig. 1 Block diagram of the proposed automatic utter-
ance Lype recognizer.

we use a standard feature set in speech recognition and
make an acoustic model using a relatively small amount of
training data, which is different from the database describ-
ed in Section 2. The detailed conditions will be explained
in Section 3.

4.2. F0 Extractor

We use the ‘get_f0" program from the Entropic Waves
software package [34,35] to extract FO data from the
final word in each utterance. The getf( implements a
fundamental frequency estimation algorithm using a
normalized cross correlation function and a dynamic
programming function. In the experiments described in
the next section, we used the default values of the
parameters of the ‘getf0", i.e., Gaussian window with the
length of 40 ms, and the shift time of 10ms. The FO data
are converted into logarithmic scale and passed through a
normalizer.

4.3. Normalizer

Even for the utterances of the same sentence with the
same utterance type, the pitch contour of their final word
may be different from speaker to speaker. This difference
increases the variation in the pitch contour. To achieve
robustness against this variation among speakers, the
log FO values are normalized both in the frequency
domains and in the time domains. Figure 2 shows the
histogram of the duration per syllable of Indonesian
statements and DQs. The figure indicated that the time
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Utterance occurence

Average length of syllables in final word (sec)

Fig.2 The histogram of the average length of syllables
of the final word of Indonesian statements (S) and
declarative questions (DQ).

duration is not important in distinguishing Indonesian
statements and DQs.

Lt g, @'=1,2,.;0) and 4 = 1.2, oy L) be the
sequences of the log FO values and the time of the final
word with length L, respectively. Then, the normalized

pitch frequency of p;. p; (i=1,2,...,L) is calculated as:

Py _Pi — Pmin ’ (D
Pmax — Pmin
where ppax and ppin are the maximum and the minimum
log F0 values of the final word. The normalized time of .
£ (i=1,2,...,L) is calculated as:

~ =0

‘E_IL—Ill

We normalized the time duration of the utterance part
because our experiment implied that the information is not
important to disinguish between statements and DQs.
Figure 2 shows the histogram of the average length of
syllables in the final word of Indonesian statements and
DQs. The normalized log FO values are the input of the
feature extractor.

4.4. Feature Extractor

We extract features of the FO contour using the
polynomial expansion method [29]. where the pitch
contour is approximated as a polynomial line in two-
dimensional plane of the normalized log FO and time. The
coefficients ci of the polynomial expansion are extracted
using the least mean square (LMS) algorithm. Since our
methad is based on statistical approach. it is expected to be
robust against variation in intonation.

Let N be the order of the polynomial expansion. Then
the approximated contour for the normalized log FO, 5, is
expressed as

St

!

N
=3, 68 3)
i=0

R

1

-¢— NormLogFo0
—— First Order
—&— Second Order
---- Third Order

- % - Fourth Creer
A Fifth Order

Normalized Log FO

0 0.25 0.5 0.7 1

Normalized Time

Fig. 3 Representation of typical F0 data using various
orders of polynomial expansion.

We remove the coefficient for i = 0 to achieve robust-
ness against the difference in the pitch level between male
and female speakers.

Figure 3 shows the representation of typical F( data
using various orders of polynomial expansion. The higher
the order of the polynomial expansion, the smaller the
error between the estimated points and the original FO
data, As will be explained in the next section, however, the
best performance of the automatic utterance type recog-
nizer may not be achieved with the highest order of
polynomial expansion because of the over-training prob-
lem.

4.5. Classifier

We use a linear perceptron [36] as a classifier in the
automatic utterance type recognizer. The number of nodes
in the input layer is equal to the number of features
extracted from the FO contour. We use one node in the
output layer, which is trained to output zero for the
statement and one for the DQ. For comparison. we use also
a multilayer perceptron with various numbers of hidden
layers, as illustrated in Fig. 4.

A statement-DQ threshold is utilized at the end of the
output node to classify the utterance type. The threshold is
controlled in each experiment such that the error rates for
both classes are equal.

L)
Input Hidden Output
layer layer layer

Fig.4 A multilayer perceptron.
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Table5 The four combinations of the training and the
testing sets for the evaluation.

Combination Training set Testing set
L Set | Set 1T
2 Set 11 Set TV
3 Set 11T Set 1
4 Set IV Set 11

5. PERFORMANCE EVALUATION

5.1. Experimental Conditions

For the automatic utterance segmentation described in
Subsection 4.1, we constructed an acoustic model in the
following procedure. First, we recorded 3,840 utterances
from 11 male and 9 female speakers, in which each speaker
read fexts from Indonesian newspapers and Indonesian
linguistics books. The texts were chosen in order to contain
all phonemes that appear in Indonesian speech. Then, for
each 10 ms frame. we extracted features of the power and
12 mel-frequency cepstral coefficients (MFCC), and their
first and second order derivatives. The total dimension of
the feature vector was 39. Finally, using the training data,
we trained monophone hidden Markov models (HMMs)
with five states for each phone and 16 Gaussian mixtures
for each state.

Using the data sets of speech data as listed in Table 2,
we designed four combinations of training and testing sets.
The combinations are illustrated in Table 5. The classifier
is trained for 100,000 epochs using a back-propagation
algorithm. The performance of the automatic utterance
type recognizer was evaluated by the averaged equal error
rate (EER), which is the average of the EERs of the four
combinations in Table 5.

5.2. Experimental Results and Discussions

First, we designed the structure of the neural network
classifier. We fixed the number of hidden layer to one and
compared the neural networks with different numbers of
hidden nodes in the hidden layer. Figure 5 shows the EERs
of the utterance type recognizer with one hidden layer and
various numbers of hidden nodes when the order of the
polynomial expansion is fixed to be three. The recognizer
with a linear perceptron, which is equivalent to a multilayer
perceptron with one hidden node, achieved the lowest
EER. In this open test, the larger the number of hidden
nodes, the larger the EER of the recognizer. The larger
number of hidden nodes used in the neural networks means
that the neural networks will be more specific in learning
the training set. Since the training set does not cover all
variation of the pitch contour of the final word of the
speech data in the testing set, the more specific the neural
networks learn the training set. the larger the error of the

254

Acoust. Sci. & Tech. 30, 4 (2009)

145
= v
2 = =
5 14 -
£ 13§ e '
- / | v
2 g3 7 - \6
w o
- =
3 125 - -
w
3 12 —
& 115
E A
< 1 -
108
104 |
0 2 4 8 8 10

Number of Hidden Nede (s)

Fig. 5 Equal Error Rate of the open test of the utterance
type recognizer using the third order polynomial
expansion, one hidden layer and various numbers of
hidden nodes.

Table & The EER of the open test of the utterance type
recognizer using various orders of the polynomial
expansion and a linear perceptron.

Order of the polynomial

7 EER (%)
expansion
1 17.2
2 15.8
3 10.9
4 1.1
5 383

neural networks in the recognition of the utterance type of
the testing set.

Next, we evaluated the utterance type recognizers using
different orders of the polynomial expansion. where the
linear perceptron was used as the classifier. Table 6 shows
the EERs of the utterance type recognizer when the order
of polynomial expansion is varied. The lowest EER was
achieved when the third order polynomial expansion was
used. Further increase of the order of the polynomial
expansion increased the EER.

Finally, we compared the EERs of the proposed
automatic utterance type recognizer with the EERs when
the segmentation of the final words was carried out
manually. The order of polynomial expansion is fixed
to three. The recognizer with the manual segmentation
achieved 88.1% accuracy, which is 1.0 point worse than
the automatic recognizer did. The average errors in the
estimation of the beginning time and the duration of the
final word are 43.5 ms and 75.4 ms, respectively. This small
difference made the recognition rates of both the utterance
type recognizers comparable.

The average error rate of the proposed utterance type
recognizer was higher than that of the utterance type
recognizer based on Fujisaki model [13]. This is because
the recognizer in [13] is speaker-dependent and evaluated
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using the testing set that included in the training set. On the
other hand, the proposed recognizer is speaker-independent
and evaluated using the testing set that differs from the
lraining set in both the sentence and the speaker. It is
expected to be more robust in real application. The equal
error rate obtained by our method is 10.9% which is about
five times larger than the error rate 2.2% obtained in the
perceptual test. It was reported that automatic continuous
speech recognition was more than ten times erroneous than
human performance [33]. While the difficulties of the tasks
are largely different, we believe that our method can be
applicable to real use.

6. CONCLUSIONS

This paper reports our study of an automatic. utterance
type recognizer to identify DQs and statements in Indo-
nesian speech. The findings of the study confirmed that the
use of the final word of the utterance and the pitch contour
information was effective in classifying Indonesian DQs
and statements. The highest recognition rate §9.1% was
achieved using the third order polynomial expansion as the
feature extractor and a perceptron as the classifier. When
using final words that contain only (wo syllables ( final-
two-syllables), the recognition rate is 0.1 point higher than
using all final words. The proposed automatic recognizer
can be combined with another automatic system such as a
speech recognizer to build a larger automatic spoken
system such as a spoken dialogue system or a spoken
understanding system.

In the future, we plan to develop a new larger speech
database, especially from female speakers in order to cover
larger variation of the pitch contour of the utterances and to
design an automatic utterance type recognizer that covers
all types of utterances. The automatic segmentation module
of the recognizer will be further developed following the
development of the speech database. Since our method is
based on statistical approach, it can be easily applicable for
other languages once the utterance part to be used for
classification is specified. We plan to apply our method to
utterance type recognition of other similar languages such
as Malay spoken in southern Thailand, Malaysia, and
Brunei and Tagalog spoken in the Philippines.
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