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Introduction 

 

Nowadays, in the information society and in the era of artificial intelligence, machines are the 

more and more expected to implement and extend human’s capabilities. The same stands for 

the automatic speech recognition: human would like to communicate with the computer in 

natural language. Since the beginning of speech recognition research, several revolutionary 

innovations has contributed to improve automatic speech recognition, however, the speech 

recognition task cannot still be regarded as a solved problem. If one thinks to speech 

understanding, so that machines can understand and analyse natural language instead of 

“pure” speech recognition, the final aim seems to be even further away. This is more critical 

for the Hungarian language, characterized by very high agglutination, which causes that the 

adaptation of standard methods of speech recognition developed for Indo-European or 

American English is impossible: large vocabulary speech recognizers are not available for the 

Hungarian language. 

 

In parallel, “classical” statistical speech recognition has “stuck”. Of course, results were 

refined, but innovative new techniques that could ensure to resolve currently unsolved 

problems has not occurred in the last decade. New dimensions are the more and more 

involved into speech recognition, as speech is regarded to be a modality of human 

communication, which is composed from several levels or planes. This means that several 

information sources relevant to communication are processed as it is done in audio-visual 

speech recognition, or more generally, in multimodal speech recognition. In these systems, 

speech is interpreted as an information channel, correlated with other communication 

modalities, and the processing of the message transferred by the communication is carried out 

by including several modalities as sources of information. 

 

On the other hand, information carried acoustically by human speech is far not fully exploited 

in current automatic speech recognition systems. These systems interpret the speech as a 

sequence of phonemes, and speech processing is carried out strictly in this segmental domain 

[1, 7]: the acoustic-phonetic level in speech recognition is modelled by the so called acoustic 

phoneme models, and the acoustical speech signal is used only to obtain phoneme sequence 

hypotheses. Phoneme sequences are grouped into words, which are managed by the language 

model in order to statistically specify how words can form word chains that are the output of 

most recognizers. In this processing procedure, speech on acoustic level is exploited only in 

the very first step and in segmental domain. Hereafter, all other information contained 

acoustically by the speech signal is discarded. The author is persuaded that speech regarded in 

supra-segmental domain supports acoustically the word chain level mentioned above, and 

hence, as an information source, it can help to develop more robust speech recognition 

systems and to implement real speech understanding systems. Illustrating this by an example, 

a speech utterance with improper prosodic structure (improper accents, stress or intonation; 
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too monotone speech) degrades the performance of human speech understanding as well. It 

seems quite illogical that the supra-segmental domain of speech is neglected and that acoustic 

correlates of this domain present in the speech signal are simply ignored. Although, phonetic 

and phonologic sciences are not fully coherent in several concepts or definitions related to 

speech prosody, and several newer research results show that a large domain in speech 

prosody perception has not been explored yet. Given these conditions, engineers face a hard 

task when dealing with speech prosody. Of course, as it is an open research topic, one cannot 

expect to find stable and uniform definitions, which partly explains why the use of the supra-

segmental domain of speech is so difficult to include in speech recognition systems.  

 

The author is convinced that the supra-segmental domain is crucially important in languages 

like Hungarian, characterized by the high agglutination mentioned earlier. Information carried 

acoustically by the supra-segmental domain should be exploited in speech recognition. The 

author will show that this can improve speech recognition performance and that prosodic 

information can create an acoustical basis of syntactic and semantic processing of human 

speech and communication. 

 

Few have addressed the usage of prosody in speech recognition; concrete applications that 

rely on speech prosody are published even more rarely. There are some exceptions, however: 

one can find two books in speech recognition literature [10, 21], which present and analyse 

the usage of prosodic features in speech recognition, although sometimes whole chapters of 

these works seem to present the theoretically possible, justified by linguistic research results, 

but concrete implementations for practical purposes stayed often in the rough. 

 

As far as the author knows, applications in which prosodic modules are implemented are rare: 

in the prosodically rich, but not tonal Japanese language, fundamental frequency contour of 

words or part of words were modelled and recognized [5]. Unfortunately, results are presented 

only for a test set composed of only two speakers, but the authors of [5] improved mora (half 

syllable) recognition rate. This method is elaborated specially for the Japanese, as in this 

language fundamental frequency presents characteristic changes on word level, but this 

algorithm is inadaptable to Indo-European languages and also to Hungarian. 

 

For the American English, a decision tree based system was published [19] which uses 

fundamental frequency tones and speech breaks to reorder N-best hypotheses obtained from 

the speech recognizer: a syntactic and semantic analyser is used to create a reference prosodic 

structure for each hypothesis. Hypotheses are then rescored based on coincidence evaluation 

between the generated and the observed prosodic structure. The used prosodic feature is 

primarily the duration, as it has a major role in American English speech prosody (stress). The 

method is proven to favour the correct hypothesis. A similar approach was published also for 

German language [10,11]. 
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For Standard Colloquial Bengali, a language spoken in India, a word boundary detector was 

developed using prosodic features [12]. This detector was not built into speech recognizer, 

and was developed in parallel of my work. 

 

Detection of prosodic phrase boundaries and sentences, or speaker segmentation are relatively 

often-published applications of speech prosody [2, 10, 11, 16 and 21]. 

 

2 Research objectives 

 

My theses address the possibilities to use speech prosody in automatic speech recognition. 

The goal of my work is to examine and prove that prosodic information carried acoustically 

by the speech signal can be used to improve automatic speech recognition performance and to 

add extra, syntactic and semantic level functionality to it. The author regards as a special 

challenge to implement a prosodic framework that ensures the acoustic level extraction and 

processing of supra-segmental speech attributes. This is intended to be used for the 

improvement of automatic speech recognition, classification tasks which allow syntactical 

processing and segmentation (segmentation for phonological phrases, clauses, sentences) and 

higher level semantic processing of speech message (modality recognition). This framework 

for speech recognition can also be used as a basis that provides acoustically processed supra-

segmental information to be used in natural language processing tasks. 

 

The author focuses on the Hungarian language, but also tends to develop algorithms that can 

be easily adapted to other languages. To illustrate this, the adaptability of the developed 

methods will also be investigated. 

 

My goal is also to demonstrate and prove that based on the fundamental frequency and the 

energy level of speech, stress detection is feasible for Hungarian language. Because 

Hungarian is a fixed stress language, a high ratio of word boundaries can also be detected 

using either a peak detector, or a statistical classifier trained to recognize intonation patterns 

of phonological phrases. 

 

The author will also prove that the word boundaries detected by the algorithm can be used to 

improve automatic speech recognition performance by using a hypotheses graph-rescoring 

algorithm (also known as N-best lattice rescoring). The rescoring of the hypotheses graph is a 

utensil [19] to introduce prosodic information into the “classical” speech recognition 

procedure; it fits to the structure of automatic speech recognizers (ASR). This means that a 

prosodic module can be easily joined to the ASR system in order to improve recognition 

performance. In my work, the focus is on highly agglutinating languages, in which the 

widespread n-gram language models cannot be easily adapted, and for real time recognition, 
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large vocabulary applications are unknown due to the very high number of words to be 

represented in the dictionary. 

 

My objective is also to detect clause and sentence boundaries and to recognize sentence 

modality (sentence type) automatically, relying on the acoustic supra-segmental features of 

speech, using a statistical Hidden Markov Model (HMM) classifier. Such a semantic module 

can be used to place punctuation marks into the word chain produced at ASR output. It can 

also support semantic analysers and parsers by providing acoustically relevant prosodic 

information. 

 

3 Methodologies 

 

In my research work, the methodology commonly used by speech technology researchers is 

followed. Speech is investigated in the supra-segmental domain.  

 

The acoustic processing of supra-segmental information is based on fundamental frequency 

and signal energy (related to intensity). Duration measures are not used, because the author 

found during his preliminary experiments that they do not show a consistent behaviour in the 

used Hungarian speech database. 

 

Classification tasks are formulated to model the selected prosodic phenomenon based on 

supra-segmentals (eg. stress, intonation contour). For stress detection or word boundary 

detection, the decision task is interpreted as event detected/not detected. However, softer 

decision can be carried out using more classes (like for phonological phrase shape 

classification). Decision is based on peak detection or on HMM-based classifiers. 

 

Based on the obtained classification, the author implements speech segmentation in supra-

segmental domain, such as word or phonological phrase boundary detection and clause 

(prosodic phrase) boundary detection. 

 

Performance is evaluated by testing, using predefined performance measures (recall, 

precision, recognition correctness and accuracy). Several algorithms are optimized by 

changing basic parameters or by running iterative training-testing cycles. Test results are 

interpreted as compared to an unchanged baseline system. 

 

 

 

 

 



 5 

4 New scientific results 

 

4.1 Word boundary detection based on stress detection 

 

Stress is interpreted as an emphasis of a syllable of a given word [4]. A language is called 

fixed stress language, if stress is always bound to a given syllable of a word. Hungarian is 

such a language, as stress always occurs on the first syllable of the word stressed. Other fixed 

stress languages are Finnish, Czech, Polish, etc. English is not a fixed stress, but a stress-

timed language. 

 

Any prosodic feature can govern stress in speech [4, 8], as (i) a rise in fundamental frequency, 

(ii) an augmented intensity of the syllable or (iii) duration lengthening may all provoke stress 

sensation. It depends on the language, which feature or feature combination is used to express 

stress. In Hungarian, stress is supposed to be a result of increased intensity [4], but 

fundamental frequency is also suspected to be a relevant stress factor. Based on his 

experiences and on my preliminary experiments with BABEL speech database [20], the 

author considers the fundamental frequency as the primary stress factor in Hungarian (see also 

[8], [14]). 

 

My first thesis postulates that based on the fixed stress characteristics of Hungarian, a 

considerable number of word boundaries can be detected based on stress detection. Stress 

detection is carried out based on its prosodic attributes, fundamental frequency and intensity 

(energy). In this way, word boundaries followed by a stressed word can be detected. 

 

Thesis I. [J1, C1] In fixed stress Hungarian, a considerable ratio of word boundaries is 

detectable based on stress and its supra-segmental acoustic correlates, fundamental 

frequency and energy.  

 

The prosodic features can be measured on the quasi-stationer part of each vowel in each 

syllable, or continuously on the speech signal. In the latter case, interpolation of fundamental 

frequency over unvoiced speech regions becomes necessary, and microintonation is more 

likely to introduce some noise into the fundamental frequency extraction process. 

 

To prove Thesis I., the author has shown that stress detection is possible based on 

fundamental frequency and energy, as they give a local maximum on the stressed syllable [4, 

14].  The author developed a peak detection algorithm, which observes the selected prosodic 

feature(s) over a sliding time window. The mean (M) and variance (σ) of fundamental 

frequency and/or energy measures are calculated over the sliding window, and then a 

threshold value is calculated as follows:  

σ*kMK += ,   (1) 
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where k is a constant value in the interval of approx. 0.5-1.5. Prosodic features in the middle 

of the window are controlled whether they override the threshold or not. If so, a peak is found 

and stress is detected on the corresponding syllable. This stressed position can be mapped to a 

word boundary (based again on energy and/or fundamental frequency constraints), because 

stress always occurs on the vowel. 

 

Instead of the pure fundamental frequency or energy measures, their differentials can also be 

used. Differences of these features can be calculated from syllable to syllable or interpreted as 

a derivative of a quasi-continuous contour. After taking the absolute value of the difference, 

peak detection is carried out. Using a sliding window in this case is advantageous, as it allows 

the adaptation to the varying dynamic range. 

 

The so obtained stress and word-boundary detector system is shown in Fig. 1. 

 

 

 

 

 

Fig. 1. Block scheme of stress and word boundary detection using a peak detection algorithm 

 

Thesis I. is proven experimentally, using the peak detection algorithm described above.  

Performance of the system (both in terms of stress or word boundary detection) is evaluated 

using two measures: 

• Precision tells the ratio of true positive instances within all positive decisions: 

 
fptp

tp
p

+
= , (2) 

where tp stands for the number of true positives (stress/word boundary correctly 

detected),  fp for false positives (a non-stressed syllable detected as stressed or word 

boundary detected within the word). 

• Recall (or sensitivity) defines the ratio of detected stressed syllables or word 

boundaries over all real ones in the reference: 

 
fntp

tp
r

+
= , (3) 

where fn stands for false negative (missed) instances. 

Extraction of 
fundamental 
frequency 

Extraction 
of 

 energy 

Peak 
detection 

Stress 
detection 

  
Peak 

detection 
 

Speech 
signal 

Word 
boundaries 



 7 

 

Measures defined by equations (2) and (3) can be represented in Precision-Recall space, 

which allows a better overview of the results obtained. (2) and (3) are often represented in 

percents
1
. 

 

Test utterances were selected from the Hungarian BABEL speech database [20]. Results show 

that recall and precision change inversed, so to obtain a high precision, recall will decrease. 

The highest precision obtained is 91% by a recall ratio of 14%. Results with quasi-continuous 

fundamental frequency (F0) or/and energy contour are presented in Table 1. 

 

Table 1. Precision and recall of word boundary detection using quasi-continuous F0 or/and energy 

contours for peak detection 

Precision/Recall [% / %] 

F0 E F0&E 

70 / 32 69 / 34 91 / 14 

 

* 

4.2 Automatic classification of phonological phrases and their use for word boundary 

detection 

 

My next thesis addresses the exploitation of prosodic information by statistical approaches 

used for “classical” speech recognition: 

 

Thesis II. A. [J1, J2, B1, C1] In fixed stress Hungarian, phonological phrases can be 

identified using Hidden Markov models. This yields a segmentation of the speech signal, 

which allows the detection of word boundaries, which coincide with prosodic phrase 

boundaries. 

 

This thesis postulates that the elements of the prosodic structure generated by stress and 

intonation can be separated into disjunct classes so that the word boundaries corresponding to 

phonological phrase boundaries can be identified after a HMM alignment of phonological 

phrase (PP) classes. Intonation corresponds to the change of pitch, depending on the direction 

and velocity of the change [8]. Generally, the following basic intonation contours are used by 

linguistics: falling, descending, rise, ascending and floating [4]. The phonological phrase is a 

stressed unit that has its own intonation contour [6], it is usually composed of one ore some 

words [18]. Psycholinguists suspect that it plays a very important role in human speech 

perception (eg. [2]). 

 

                                                 
1
 In PR space, the codomain of precision and recall is [0, 1]. Otherwise, they are communicated in percents. 



 8 

Thesis II. A. is proven in experimental way. The author used 5+1 phonological phrase classes 

(PP classes). The “+1” class is the silence, also needed to be modelled. PP classes were 

separated based on the shape of fundamental frequency and energy contour. The used classes 

for the Hungarian language are: falling (FA); descending (DE); floating (FL); rise-fall (RF); 

ascending/rise  (RI); silence (SIL). All phonological phrases except floating and silence are 

supposed to start with a stressed syllable and then continue by an intonation contour. 

Boundaries of phonological phrases always coincide with word boundaries. 

 

The author implemented the supra-segmental classifier based on the methods elaborated for 

speech recognition [7]: a combination of a prosodic-acoustic and of a prosodic-linguistic 

model is used (see [5], [19]). 

 

Of course, if PP classes can be aligned to the speech signal by using PP class HMMs, the 

backtracking allows identifying the time boundaries of each PP class. This means that the 

boundaries of phonetic phrases can be detected, which will coincide with word or word chain 

boundaries that correspond to the actual phonological phrase. In this way, a so-called prosodic 

segmenter can be constructed (see section 4.3). The PP classifier is implemented using the 

HTK toolkit [22], with not a statistical, but a rule-based FSG (Finite State Grammar) 

prosodic-linguistic model. The design of the system is shown in Fig. 2. 

 

 

 

 

 

 

 

 

 

 

Fig. 2. Design of the statistical PP classifier system 

 

 

Supra-segmental domain acoustic pre-processing is implemented as follows: F0 is extracted 

using an AMDF (Average Magnitude Difference Function) based algorithm, then F0 contour 

is smoothed with a 7-point median filter. Frame rate is 25.6 ms. Interpolation is omitted. A 

100 ms mean filter smooths energy contour. First and second order deltas are calculated for 

both prosodic features. Therefore, the observation vector is 6-dimensional. 

 

The used PP class grammar (GPP) is defined as: 
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GPP = [SIL] < RF | (DE [SIL]) | (RI SIL) > SIL (4) 

where ’< >’ symbols denote one or more, ’{ }’ symbols denote zero or more repetitions. The 

’|’ symbol refers to a logical XOR correspondence between the elements separated, ’[ ]’ 

enclose optional events. The reasons for constructing the grammar in this way are explained 

in the dissertation. The optimization was carried out regarding word boundary detection 

application of the PP classifier and not the PP classification task itself. 

 

For the experiments, the author has used again utterances from the BABEL speech database. 

In order to train HMMs for the PP classes, PP class segmentation was carried out based on the 

fundamental frequency and the energy contour of the utterances. 

 

The performance of the PP classifier itself can be evaluated using similar metrics then in 

speech recognition (correctness, WER, which corresponds to PP classification error rate, etc.) 

The detection of word boundaries situated on phonological phrase boundaries was carried out 

using metrics defined by equations (2) and (3). This allows the comparison with results 

obtained from Thesis I. The word boundary was regarded to be correctly identified if it did 

not deviate more than 100 ms from the real word boundary in reference transcription (as in 

[5]). 

 

The author has performed several tests for PP classification and word boundary detection. 

Fig. 3. shows the ration of correct PP classification for each PP classes involved, based on 

grammar specified by equation (4). 
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Fig. 3. Classification performance of the PP-classifier according to the grammar defined by (4) 

 

 

In case of word boundary detection carried out based on PP class alignment, the author has 

also investigated which prosodic feature yields the best results in terms of precision (2) and 
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recall (3). Alignment performance was in fact less in case of using F0 or energy separately. 

The combination of the two features was found to be more advantageous. 

 

The author has also optimized the number of states of PP class HMMs and the number of 

Gaussians to be used in the mixture function determining state emission probability. It was 

found that 11 states
2
 PP class HMMs performed the best and 1 or 2 Gaussians were sufficient 

to estimate state emission distribution. 

 

The obtained precision and recall for word boundary detection in Hungarian are 77.4% and 

57.1%, respectively. (See Fig. 4.). 

 

In the word boundary detection task, the author investigated what for training set is optimal to 

estimate PP class HMMs. Three training sets, composed of the utterances of 14, 4 and 1 male 

speakers, were used. Precision did not seem to depend much on the number of speakers in the 

training set, but recall did, as it is shown in Fig. 4. When reducing the number of speakers in 

the training set, however, prosodically well-formed pronunciation was required. 
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Fig. 4. Precision and Recall in PR space in Hungarian word boundary detection task using training 

sets for PP class HMMs composed from 1, 4 or 14 male speakers’ utterances 

 

 

After my initial experiences, PP classes were refined. The renewed PP classes contain 

sentence onset (me), strongly stressed (fe), slightly stressed (fs), continuation rise (fv), 

sentence ending (mv), neutral descending (s) and silence (sil) phonological phrases. Acoustic 

pre-processing was also refined including a fundamental frequency doubling/halving filter 

and replacing the median filter with a mean filter. Frame rate was reduced to 10 ms. Word 

boundary detection with the redefined PP classes was more accurate in time and reached a 

precision of 79.2% by a recall rate of 58.5%. 

                                                 
2
 First and last states were non-emitting ones. 

1 male 
4 males 

14 males 
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Thesis II. B. [J1, B1, C2, C3, C4] The phonological phrase boundary detection method 

elaborated for Hungarian language can be directly used in other fixed stress languages in 

order to detect word boundaries coinciding with the boundaries of phonological phrases. 

 

The author has proven his thesis by using the HMM based PP classifier for the Finnish 

language. This work included the segmentation for PP classes of the speech database provided 

by Helsinki University
3
 (Finnish Speech Database) [17], which contains 250 sentences from 4 

speakers. PP class HMMs were trained in the same manner than for Hungarian, the test 

workflow and result evaluation were also identical for the two languages. 

 

For Finnish, again HMMs of 11 states and state emission probability density functions 

composed from a single Gaussian were found to be optimal, using both fundamental 

frequency and energy and their first and second order deltas as prosodic features. 

 

Precision and recall defined by equations (2) and (3) in the word boundary detection task were 

found to be 69.2% and 76.8% for Finnish. Compared to the Hungarian results, this means a 

lower precision but a higher recall (see Fig. 5.). 

 

The author has examined bilingual system architecture too. Word boundary detection with PP 

class HMMs trained on one language and tested on the other yielded less precision and recall, 

but HMMs trained on a mixed bilingual training set yielded nearly the same precision by 

considerably higher recall. Results in PR space are shown in Fig, 5. 
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Fig. 5. Precision and Recall in PR space with mono and bilingual systems. First capitals refer to the 

training set, second capitals to the test set: H=Hungarian, F=Finnish, M=mixed Hungarian-Finnish 

 

 

 

                                                 
3
 The author thanks to Toomas Altosaar, Helsinki University, his contribution to the use of Finnish Speech 

Database. 
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4.3 Integration of the word boundary detector into ASR 

 

The following thesis postulates that prosodic segmentation of input speech on word 

boundaries as carried out by the PP classifier can be used to improve ASR performance. 

 

Thesis III. [J2, B2, C5] In automatic speech recognition, the ratio of correctly recognized 

words can be augmented by the HMM-based phonological phrase classifier presented in 

Thesis II. A., as it is used to provide prosodic segmentation. 

 

To prove this thesis, the PP classifier was added to an ASR application. The PP classifier is 

used to obtain a PP class alignment parallel to the speech signal. This alignment corresponds 

to word or word chains, contained in the N-best lattice (hypothesis graph) constructed during 

the “classical” speech recognition procedure, which is split into two parts. In the first part, the 

N-best lattice is obtained, which is then rescored based on the prosodic segmentation. Finally, 

in the second part of the recognition process, the lattice is parsed to obtain the recognition 

result.  

 

The N-best lattice rescoring algorithm uses word boundary information transformed into 

intervals by the following equation (see [10]): 

[ ]







−∈

∆

otherwise

∆T+t∆T,ttifC,+t)
π

(A
=(t)L BB

B

0

T2
 cos , (5) 

Where ∆T specifies the length of the interval in which the word boundary can be situated. In 

my experiments, ∆T =100 ms. In this way, LB(t) defines a score which is intended to be 

proportional to the probability of a word boundary to be situated at time t. 

 

The score of words or word chains in the N-best lattice whose boundaries coincide with the 

prosodic segmentation are augmented (6). In a similar way, if the word boundary detected by 

the prosodic segmenter is placed within a word, the score of this candidate is decreased (7). 

The formulae are defined as: 

)()( endBbstartBarenum tLwtLwSc += , (6) 

where tstart is the word initial boundary, tend is the word ending boundary in the N-best lattice, 

wa and wb are weights. 

∑
−−

+=

=
1

1

)(
kN

ki

iBpunish tLSc , (7) 

where N is the number of all frames aligned by the word or word chain in the lattice, k= ∆T. 
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The new, modified Screscored score is given by: 

)( punishrenumPorigOrescored ScScwScwSc −+= . (8) 

In equation (6) wa=0,5, wb=0,5; In equation (8) wO=1, wP=2,5. 

 

The ASR itself in which the prosodic segmenter was built in was a Hungarian abdominal 

ultrasonography medical dictation system implemented in HTK using 39 MFCC, 10 ms frame 

rate, 37 phoneme models, 32 Gaussians for each emitting phoneme state, trained on a 6 hours 

speech material. The vocabulary is composed of approx. 4 000 words. The bi-gram language 

model was binarized (so each word pair was assigned a bit whether they can form a chain or 

not) in the experiment, in order to investigate the effect of prosodic information on speech 

recognition performance as it is intended to be used in a large vocabulary application in 

highly agglutinating languages like Hungarian, where even for a small application domain the 

number of possible word candidates is enormous. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Design of the ASR system with the prosodic segmenter 

 

 

In Fig. 6., the block scheme of the experimental system is shown. The experimental testing set 

was composed of 20 medical reports (approx. 300 sentences at all). Speech recognition was 

performed with both the “classical” baseline system and the extended ASR system with the 

joined prosodic segmenter. With the latter one, the ratio of correctly recognized words was 

found higher by relative 3.8% compared to the baseline system. In general, the recognition of 

each report become more correct, however, for two reports, recognition performance with the 
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extended ASR system decreased. A deeper error analysis has shown that this was due to the 

improper prosodic segmentation caused by the errors of fundamental frequency extraction 

tool (pitch tracker). 

 

In my opinion, the relative 3.8% improvement in a system with a vocabulary of 4 000 words 

and with a limited application domain is a good result, as by augmenting the complexity 

(vocabulary) the relative improvement can be even higher by using the prosodic segmenter in 

the ASR system. 

 

Please notice, that the N-best lattice rescoring algorithm is created so that undetected word 

boundaries do not influence the ASR output, however, the more word boundaries are 

identified, the more the chance the recognition results are improved. 

 

4.4 Modality recognition and clause boundary detection 

 

Under modality, the author defines the type of the sentence influenced primarily by the 

intonation. According to their modality, sentences can be declarative, interrogative, 

exclamatory, imperative or optative. 

 

In classical statistical speech recognition, the identification of the modality is not possible
4
. 

To determine the modality, syntactic and semantic analyser tools can be used instead (see 

[16]). Their counterpart is that they use the ASR output and hence, all recognition errors are 

spread into the modality classifier module. Moreover, it is possible that prosody is the feature 

alone that refers to the modality [10]. In written language, punctuation marks help to identify 

the modality. However, commas do not always coincide with the prosodically marked 

grouping of clauses [15]. 

  

Thesis IV. A. [B3, C6] The HMM based algorithm developed for phonological phrase 

classification can be adapted to perform automatic clause boundary segmentation and 

modality recognition. 

 

Modality detection is a semantic level task, which is based on the classification of the 

intonation of the sentence. Its syntactic requirements are sentence and/or clause level speech 

segmentation. The author interprets clauses as separated by a comma in the written language. 

Clauses separated by comma or by other punctuation marks usually correspond to 

prosodically realized segments of speech; however, as mentioned above, it is not always true 

[15]. This issue is not addressed in my work in absence of databases suitable for this purpose. 

My preliminary assumption is that larger time windows are needed for acoustic pre-

processing of the supra-segmental domain when dealing with intonation. Optimal time 

                                                 
4
 Usually users have to say explicitly which punctuation marks they want to use. 
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window settings and number of states of HMMs were searched. HMMs now model the 

intonation of clauses instead of phonological phrases. In the PP classification-based word 

boundary detection task, the aligned phonological phrase sequence was less important than 

the aligned boundaries of classes, in the modality recognition task, the classification in itself 

is also relevant, because it is the basis of modality recognition. This allows punctuation marks 

to be placed into the recognized word sequence at the output of the ASR. 

 

In order to train clause classes, the training set has to be segmented based on intonation. This 

segmentation was carried out in a similar way described for phonological phrases in section 

4.2. Clause classes which were found worth modelling are as follows. A total of 7 clause 

models were used (including silence): 

• Non-terminal (T) 

• Declarative (S) 

• Explicit question (K) 

• Yes/No question (E) 

• Imperative/Exclamatory (X) 

• Optative (O) 

• Silence (U)  

 

As their intonation is different, yes/no questions and questions requiring an explicit answer 

were separated (see [13]). Exclamatory and imperative sentences are merged, as they were not 

found to be significantly different in intonation. This merging does not influence the 

corresponding punctuation mark (exclamation mark is used for both modalities). Block 

scheme of the clause segmenter and modality recognizer system is shown in Fig. 7. F0 and 

energy extraction is the same as presented in section 4.3. Supra-segmental acoustic pre-

processing is carried out by larger time span windows (between 50 and 500 ms). 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7. Design of the statistical clause segmenter and modality recognizer system 
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The grammar (Gtm) specifying the allowed sequence of clauses is defined by equation (9). 

Each sentence terminal clauses are allowed, optionally preceded by non-terminal clauses 

and/or silence
5
: 

Gtm = [U] <  [T] ( S | E | X | K | O ) [U] > [U] (9) 

The modality recognition performance was evaluated using a measure well known in speech 

recognition: the ratio of correctly recognized clauses (correctness), as the aligned clauses are 

also relevant: 

%100⋅=
N

H
Corr ,                                                          (10) 

where H is the number of correctly recognized clauses, N is the total number of clauses in 

reference transcription. 

 

The iteratively optimized modality recognizer yielded the results shown in Fig. 8. System was 

trained by approx. 18 000 clause utterances. Correctness in evaluated for each clause type 

separately. 

 

0

10

20

30

40

50

60

70

80

90

100

S T K E X O U

Clause class ID

C
o

rr
 [

%
]

 

Fig. 8.  Correctness evaluated separately with 11 state HMMs using a time window of 40 frames (400 

ms) on the Hungarian Children Database
6
 

 

 

Surprisingly, overall optimal modality recognition performance was obtained again with 11 

state models. The window span in the supra-segmental acoustic pre-processing module was 

found to be nearly indifferent in the domain of 100-400 ms. 

 

 

                                                 
5
 Notations in (9) were explained in equation (4). 

6
 This database is being prepared, it is not available. 
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As PP classification based word boundary detection is applicable only for fixed stress 

languages, the modality recognizer adaptable for a considerably wider set of languages, as the 

majority of languages uses intonation to express modality. 

 

Thesis IV. B. [C7] The clause segmenter and modality recognizer system elaborated for 

Hungarian language can be directly used in other languages, which express modality by 

intonation. 

 

The author proved this thesis by implementing the clause segmenter and modality recognizer 

in German language. The same training database preparation (segmentation and annotation 

for clauses) and HMM training procedure was applied as for Hungarian. Training utterances 

were selected from the Kiel Corpus [9]. The architecture of the German system is identical 

with the Hungarian one as shown in Fig. 7. Extraction and pre-processing of fundamental 

frequency and energy are also identical to the Hungarian system. 

 

For German, 5 clause classes were used: 

• Non-terminal (T) 

• Declarative (S) 

• Interrogative (E) 

• Imperative/Exclamatory (X) 

• Silence (U)  

 

Yes/no and explicit questions were merged as the difference in their intonation was found 

weak, and rather similar during the preliminary control of the Kiel Corpus. Optative sentences 

were not found in the database selected for training. The grammar (GGER) used for German 

clause segmentation and modality recognition is defined as: 

GGER = [U] <  [T] (S | E | FF ) [U] > [U] (11) 

All other settings are identical to the Hungarian system. 

 

Modality recognition results (correctness of clause classification) are presented in Fig. 9. for 

German language. All results are clause specific (normalized to the class). 

 

As it can be seen in Fig. 9., recognition of German clause classes (corresponding exactly to 

the set of basic punctuation marks) reaches or overrides 70% for each terminal clause class. In 

my opinion, the correctness experienced around 50% for non-terminal clauses is due to the 

differences between written and spoken language in the placement of clause boundaries. As 

the Kiel Corpus contains phonetically reach tales and information retrieval related passages, it 

is more likely that prosodically realized clause boundaries are not identical to boundaries 

marked by comma in written language [15]. This difference is less relevant in Hungarian data, 
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collected from databases, which consist of slightly coherent sentences arranged in passages. 

Based on the results the author is convinced that the German modality recognizer system is 

applicable in practice. 
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Fig. 9. Correctness evaluated separately with 11 state HMMs using a time window of  40 frames (400 

ms) on Kiel Corpus 

 

 

5. Application of Results 

 

Thesis I. is significant theoretically, its results allow stress detection and word-boundary 

detection in the speech signal. 

 

Theses II. can be used to detect stress, boundaries of phonological phrases and to prosodically 

segment speech to phonological phrases. This allows syntactic and semantic segmentation and 

processing of the information transmitted by speech, which leads speech recognition towards 

speech understanding. In natural language processing, Thesis I. and Theses II. can be used as 

a basis for syntactic and semantic analysis and parsing (hierarchical weighting of information, 

deeper sentence analysis in automatic translation systems, etc.) or voice mining. An important 

application of results of Theses II. is their use in automatic speech recognition systems: Thesis 

III. addresses this issue. Beyond speech technology and natural language processing, results 

of Theses I. and II. are useful in linguistic research, especially for research related to the 

spontaneous speech. 

 

Thesis III. is in itself an application. For middle and large vocabulary speech recognition in 

agglutinating languages, the method presented in Thesis III. contributes to a considerable 

advancement in speech recognition technology. 

 



 19 

Results of Theses IV. allow the automatic placement of  punctuation marks in ASR output. As 

for Theses II., these results are also applicable for natural language processing for syntactic 

and semantic level related tasks such as topic-comment classification, sentence and clause 

level segmentation of speech, focus detection, sentence analysis, modality classification. They 

allow an accurate detection of prosodic phrases. 

 

Results of Theses II. and Theses IV. can be used in computer-aided speech training systems 

for acquiring the use of stress and intonation is speech. Such an application is already under 

development within cooperation with our French university partners. 
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