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Abstract
A prosodic Hidden Markov model (HMM) based modality
recognizer has been developed, which, after supra-segmental
acoustic pre-processing, can perform clause and sentence
boundary detection and modality (sentence type) recognition.
This modality recognizer is adapted to carry out automatic eval-
uation of the intonation of the produced utterances in a speech
training system for hearing-impaired persons or foreign lan-
guage learners. The system is evaluated on utterances from
normally-speaking persons and tested with speech-impaired
(due to hearing problems) persons. To allow a deeper analy-
sis, the automatic classification of the intonation is compared to
subjective listening tests.
Index Terms: prosody, speech training system, HMM, intona-
tion classification

1. Introduction
The introduction is split into two parts. In the first one, some
known application areas of prosody are briefly presented, which
are relevant in connection with the current paper. The second
part is restricted to automatic speech training and speech ther-
apy issues.

1.1. Using prosody in speech technology

The supra-segmental layer of speech, often called simply
prosody, plays an important role in human speech perception [1]
and is a possible information source in automatic speech pro-
cessing. High-quality speech synthesis is unimaginable without
correct reproduction of speech prosody, and prosodic modelling
is an integrant part of TTS systems [2]. The use of prosody
in speech recognition is much less common than in TTS ap-
plications. Several studies show however, that using prosody
would be advantageous also in automatic speech recognition
and understanding [1]. Prosody can be useful in supporting
automatic syntactic and semantic analysis of speech, also by
providing cues to perform robust prosodic phrase boundary de-
tection or to segment the input speech even further, for phono-
logical (from stress to stress) phrases or for distinct words [3],
as it is done in [4] and in [5], respectively. The automatic seg-
mentation (for phonological or prosodic phrases or for clauses)
of human speech based purely on prosodic cues is also proven
to help (improve) speech recognition performance [6], [4].

Prosody is practically the only feature in human speech
that refers to sentence type and modality, apart from sta-
tistical language-like models used sometimes to replace the
unprocessed acoustic-prosodic information in speech recog-
nizer/understanding systems. Automatic sentence type and
modality classification has already also been investigated by a
few studies [7], [8]. In [8], the authors implemented a HMM-
based classifier, intended to separate distinct modalities relying
on prosody represented by clause level F0 and energy contour.

The authors have widely examinated the use of prosody in
speech recognition-related tasks. Applications mentioned so far
([4] and [8]) are also part of this activity, in this paper the au-
thors focus on the usage of previous results and implement a
prosody teaching facility within a speech training system.

1.2. Speech training systems

Computer-aided speech training systems are interactive tools
facilitating speech and/or language acquisition. This technol-
ogy is useful for speech-impaired persons, especially hard of
hearing or deaf children, who are partially or totally blocked
in learning correct pronunciation, as the feedback loop - which
normally ensures te learn correct intonation features and also to
monitor voice level - is obstructed. Recently, speech technol-
ogy has become popular in second language acquisition, too.
The capabilities of all these systems include measuring and dis-
playing the dynamic characteristics of speech parameters and
using auditive, visual and automatic feedback [9].

As prosody is an important component of human speech, its
acquisition should also be supported. Experiments have shown,
that, for example, a visual display of supra-segmental features
(fundamental frequency) combined with audio feedback is more
effective than audio feedback alone [10], especially if student’s
F0 contour is displayed along with a reference model. The fea-
sibility of this type of visual feedback has been demonstrated
by a number of simple prototypes [11].

Most of existing speech training systems are based only
on segmental features (e.g. pronunciation of phonemes is ad-
dressed), and supra-segmental features are often neglected. A
group of existing systems takes advantage of the acoustic simi-
larity between the students’ acoustic production and a template
to measure the correctness of student’s production. In SPECO
[12] a similar metric was estimated. In other groups of speech
training systems, HMM phoneme models are applied [13].

Our main goal is to develop a prosodic training system for
speech-impaired children. This way, children get visual feed-
back about how they intonate and can learn the correct into-
nation corresponding to different sentence types and modali-
ties. Specialized institutions educating speech-impaired (hard
of hearing) children can use the method for improving the chil-
dren’s pronunciation.

This paper addresses the use of an existing automatic sen-
tence modality classifier framework [8] adapted to provide au-
tomatic feedback in a pronunciation teaching system with inte-
grated prosody-related exercises. The paper is organized as fol-
lows: first, the initial modality recognizer is presented, then the
construction of the intonation database is described. Hereafter,
the adaptation of the sentence modality classifier is explained.
The performance of the resulting intonation classifier system
is evaluated on utterances from normally-hearing and hard of
hearing children, and final conclusions are drawn.
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Figure 1: Block scheme of the modality recognizer.

2. Modality recognition system
The basis of the current work was a modality recognizer de-
veloped by the authors and described in details in [8]. This
modality recognizer uses an HMM-based intonation classi-
fier. The Hungarian version of the classifier uses 7 different
modality types: a non-terminal clause model and a silence
model, and 5 terminal clause models, for statements, yes/no
questions, explicit questions, imperative/exclamative sentences
and optative sentences, respectively. The German language
version has 5 different modality type models (non-terminal
clause, silence, statement terminal, interrogative terminal, im-
perative/exclamative terminal). The block scheme of the system
is presented in Fig. 1.

The way of operation of the modality recognizer is very
similar to that of an HMM-based ASR system. The speech
signal is first pre-processed acoustically, then a set of HMM
modality models are used in connection with a vocabulary (the
list of modalities to be used for classification) and some gram-
mar to perform decoding in form of a HMM (class) align-
ment along the speech signal. Differences to common ASR
systems are that the acoustic pre-processing is carried out for
prosodic features (F0 and energy) in the supra-segmental do-
main, and hence, the contour of the used acoustic-prosodic fea-
tures (F0 and energy and their 1st and 2nd order derivatives) are
smoothed by a mean filter in order to remove micro-prosodic
alternation and word-level stress and highlight rather the sen-
tence level intonation contour. The role of the list of modalities
(vocabulary) and of the modality models (which are used in-
stead of cepstral phoneme or word models) is the same as in
an ASR system. The recognition grammar, however, is a sim-
ple rule-based one, as there are only 7 (or 5) different modality
classes. The rule based FST grammar specifies that optional
non-terminal clause(s) can be followed by any terminal clause.
Terminal clauses are allowed to occur with an equal probability.
Between the clauses, silence can occur optionally.

As the operation of the modality recognition system can
also be interpreted as a modality class alignment, it can be used
for clause and/or prosodic phrase boundary detection. Experi-
ments detailed in [8] show a very robust silence detection abil-
ity, it is true, however, that tests were carried out on read speech,
so the performance of silence and prosodic phrase boundary de-
tection can degrade when used for spontaneous speech.

Modality HMMs in the basic modality recognizer system
were initially trained on speech databases of read speech [8].
These databases were not designed to implement prosody re-
lated applications, the distribution of the different modality
types was not uniform (statements dominated). To overcome
this problem, a new speech database was recorded that was
specifically designed to allow the modelling of all modality re-
lated intonation contour types.

3. The intonation database
Our main goal is to integrate an adapted version of the modal-
ity recognizer into a speech training application for hearing-
impaired children to allow and/or support the acquisition of
speech prosody. By this, the existing exercises related to learn-
ing the correct pronunciation of phonemes can be expanded by
intonation related exercises.

Corresponding to the planned application area, the intona-
tion database consists of two parts: The first part was recorded
with 60 normally-hearing and -speaking children, aged between
8 and 13 years. The second part contains utterances from 19
hearing-impaired children. The material recorded was the same
for normally-hearing and hearing-impaired children and con-
sisted of 12, varying length individual sentences for each in-
tonation class (classes can be seen in Table 1), and 3 short
dialogues, composed from the set of the individual sentences.
In case of the first part containing the recordings of normally-
speaking children, each utterance was recorded several times
with the same speaker to ensure that correct pronunciation and
intonation can be found among the recorded elements. The
database was then filtered to keep only the best utterances from
each speaker. The authors opted for this recording protocol in
order to avoid telling the children what pronunciation and into-
nation they expected.

The database was annotated and segmented according to the
intonation contour usually corresponding to a distinct modality.
However, opposed to the case as modality recognizer presented
in section 2 was trained, now it was the intonation contour and
not the modality the speaker tried to express that was regarded
as separating criteria. This was necessary because authors’ ex-
periences by the modality recognizer had shown that sometimes
the speakers had problems in producing the correct intonation
contour that characterizes a given modality class.

Table 1: Intonation classes used for labelling.

Intonation Label Example Contour

Descending DE Ann is standing.

Fall FA Why is she there?

Ascending-fall AF Is she there?

Fall-descending FD Come here!

Floating FL She is there, ...

Rise RI No?

The used classes for intonation contour labelling are shown
in Table 1. The authors remark that silence also had to be mod-
elled by a HMM. In Table 1, some examples are also presented
translated from Hungarian. Please note that the corresponding
intonation contour can be language (Hungarian) specific.

4. Adaptation of the modality recognizer
The modality recognizer is intended to be used for the auto-
matic evaluation of the produced intonation contour in a speech
training application. The modality recognizer now should qual-
ify the intonation produced by the student, so indeed it should
decide whether the intonation produced is correct or not. This
task needs a bit different modelling approach as pure modality
recognition. In earlier work presented in [8], the final aim was
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the automatic placement of punctuation marks and the prosodic-
acoustic support for semantic analysis. This meant that very
flexible modality models were required in order to allow some
deviation from the ”canonical” intonation, which was mapped
to a given modality. By ”canonical intonation” we specify the
grammatically correct, standard form of intonation which ful-
filles the criteria of a certain modality. Of course, this is an ide-
alized scheme. In other words, this means that it was preferred,
if possible, that the highest ratio of non-canonically intonated
modalities were correctly classified. In the speech training task,
however, such a non-canonical intonation should be rejected,
so models should well fit the canonic form of the intonation in
order to allow that the system do not accept incorrect, but ”clas-
sifiable” candidates. This is why the intonation contour is mod-
elled instead of the more abstract modality, and this explains
also why the same utterances were recorded several times to
ensure the availability of the correct intonation in the database
used to train the intonation models. In the rest of the paper, the
adapted modality recognizer will be referred to as intonation
classifier.

4.1. Training of the intonation models

Hidden Markov models were trained for all the 7 intonation
types listed in Table 1. All HMM models were left-to-right ones
with 7 emitting states. Output probability distributions were
specified by a mixture of 1-2 Gaussians. The acoustic features
used are fundamental frequency (F0) and energy extracted by a
frame rate of 10ms. Afterwards, the F0 contour is filtered by
an anti-octal jump tool and interpolated linearly in logarithmic
domain. Both F0 and energy contours are smoothed by a mean
filter with a span of 25 frames. 1st and 2nd order derivatives for
both features are also calculated.

Training was carried out on the 2/3 of the first part of the
intonation database containing utterances of correctly speaking
children. The remaining 1/3 of the utterances from correctly
speaking children were reserved for validation testing. The
second part of the database that contains the recordings from
hearing-impaired children was reserved for final testing of the
implemented intonation classifier.

4.2. Validation

Initial testing of the intonation classifier was performed on the
1/3 of the utterances of correctly speaking children. A set of
sentences was selected that covers the corpus of an exercise in
the speech training system. Intonation classification was carried
out on this sentence set, containing examples from all speakers
in the validation testing set. Results are shown in a confusion
matrix in Table 2 (in %). The confusion matrix was calculated
based on a reference intonation transcription of the test set. (See
Table 1 for the labels used.)

Table 2: Confusion matrix of the intonation classifier on utter-
ances from normally-hearing children.

Refe- Classified as [in %]
rence DE FA AF FD FL RI
DE 93.02 0.00 2.33 2.33 2.33 0.00
FA 0.00 78.13 0.00 21.88 0.00 0.00
AF 0.00 0.00 96.55 3.45 0.00 0.00
FD 3.33 50.00 0.00 43.33 3.33 0.00
FL 12.82 5.13 2.56 2.56 76.92 0.00
RI 0.00 0.00 0.00 0.00 0.00 100.0

As it can be seen in Table 2, classification rates for the dif-
ferent intonation types vary between 76.9% and 100% except
for the falling-descending intonation type which is regularly
confused by the falling one. On the other hand, the falling class
is also often misclassified as a falling-descending one. During
the validation tests, it was cleared out that the classification for
the falling-descending contour can be carried out also by mod-
els of the falling contour type. Merging the falling-descending
class into the falling one gave results shown in Table 3. Classi-
fying accuracy in Table 3 is good, although the merged falling
class is a bit more often confused than the other ones, but clas-
sification accuracy is over 80% even for the falling intonation
class. Accuracy ratios for other classes are over 90%.

Table 3: Confusion matrix of the optimized intonation classifier
on utterances from normally-hearing children.

Refe- Classified as [in %]
rence DE FA AF FL RI
DE 97.67 2.33 0.00 0.00 0.00
FA 1.61 82.26 8.06 6.45 1.61
AF 0.00 0.00 93.10 3.45 3.45
FL 2.56 2.56 2.56 92.31 0.00
RI 0.00 0.00 0.00 0.00 100.0

5. Testing of the intonation classifier

The final testing of the automatic intonation classifier was car-
ried out on the second part of the intonation database holding
recordings from hard of hearing children. In this task, the in-
tonation classifier is used as a qualifier, if it classifies correctly
the utterance (eg. correct now means if the classifier is capable
of assigning the same class to the utterance that the hearing-
impaired child had tried to reproduce). The intonation of the
utterance is accepted if the classifier decide for the class corre-
sponding to the intonation the student had to reproduce.

5.1. Subjective listening tests

In order to obtain some reference for test evaluation, human lis-
teners were also asked to classify the utterances of the database
of hearing-impaired children. This subjective listening test was
done by 21 persons who were asked to classify each utterance
based on the perceived intonation. Listeners used the same 5
intonation categories as in Table 3. Additionally, an uncertain
(UC) category was also allowed in case if the listener was ab-
solutely uncertain about she/he had heard, though its use was
discouraged. The listening test took about 15 minutes for each
listener, therefore the fatigue is supposed not to influence re-
sults. A disadvantage of these tests is that the grammatical in-
formation is included in the sentences, which the listeners can
take into account even when warned to decide clearly by the
heard intonation and not on the content of speech.

Listeners’ decisions are shown in Table 4 in form of an eval-
uation matrix. This has the same structure as a confusion ma-
trix, rows, however, contain as reference the intonation the stu-
dent (or the hearing-impaired speaker in the test set) had to re-
produce. Columns show the judgements of the listeners. Some
conclusions will be given later in subsection 5.2.
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Table 4: Evaluation matrix of subjective tests on utterances
from hearing-impaired children.

Should be Classified as [in %]
uttered as DE FA AF FL RI UC

DE 89.0 1.0 1.5 5.5 0.5 2.5
FA 17.0 75.0 1.5 0.5 0.0 6.0
AF 11.4 2.5 79.6 0.5 1.0 5.0
FL 44.0 3.5 10.5 33.5 0.0 8.5
RI 17.0 1.0 0.5 3.0 70.0 8.5

5.2. Automatic classification tests

Automatic qualifying tests simulate the behaviour of the into-
nation classifier embedded into a speech training system. Qual-
ification results obtained are shown in Table 5 for the same set
of sentences used for subjective listening tests.

Table 5: Evaluation matrix of automatic classification on utter-
ances from hearing-impaired children.

Should be Classified as [in %]
uttered as DE FA AF FL RI

DE 33.0 35.0 0.0 32.0 0.0
FA 9.5 62.3 0.0 28.1 0.0
AF 15.5 15.5 53.5 15.5 0.0
FL 16.9 32.3 0.0 50.7 0.0
RI 0.0 10.0 0.0 30.0 60.0

Comparing the results of the subjective listening (Table 4)
and of the automatic classification (Table 5) the following expli-
cations can be drawn. Automatic classifications seem to be in
accordance with the subjective tests except for two categories:
descending (DE) and floating (FL). One could think that human
listeners seem to perceive very well the descending intonation
uttered by hearing-impaired, but they prefer not to use the float-
ing intonation class. Automatic classification however decides
more often for a floating intonation and has problems with de-
scending intonation. We found that human listeners seem to
expect as a default a descending intonation, the most often in
human speech as it is linked to statements. This is why they
classify a floating and hence uncertain intonation rather as de-
scending, and this is why they are so strong in recognizing a de-
scending contour and so weak in perceiving the floating one. On
the other hand, this explication coincides with the experiments
presented in [4], when the authors found that in phonological
phrase and hence word-boundary detection, the violation (by
stresses) of the ”standard” descending intonation can be a very
important cue in fixed-stress languages as the listener is expect-
ing (extrapolating) a descending contour of F0 and/or energy.

A more detailed analysis of the results show that only 9%
of the utterances are misclassified by the automatic intonation
classifier in the set of sentences classified correctly by at least
50% of human listeners during the subjective testing. The au-
tomatic classifier was found to be a bit more ”rigorous” than
humans, however, this is exactly what is needed in a speech
training application as too permissive classification will not aid
the users to achieve good skills in producing the correct into-
nation when speaking. In other words, it is more critical not to
accept an utterance with improper intonation than refuse some
others which are not so far from the recommended intonation.

6. Conclusions
The authors presented an automatic classifier for speech in-
tonation used in a speech training application. The classifier
was adapted from an HMM-based modality recognizer and was
used to automatically classify the intonation of the utterance
produced by the student using the speech training tool. The
performance of the intonation classifier was evaluated on ut-
terances from normally-speaking persons, then also tested on
data recorded from hearing-impaired children who had result-
ing speaking difficulties. Results were also compared by sub-
jective listening tests. The automatic intonation classifier was
found to be a bit stricter judge than a human listener, and the
classifier can be embedded into a speech training application to
provide a training interface to achieve intonation related skills.
If sentence specific exercises are used, intonation models can be
further adapted specifically for the desired sentence set in order
to ensure a more punctual evaluation framework.
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