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1. Introduction
In the last few years advanced human computer interaction has become more and more
widespread. In order to build more intuitive interfaces, a focus was put on speech as the most
natural medium for communication. However, prevailing speech recognition systems still
fail to show a reliable performance on spontaneous speech. Current research therefore aims
to increase the robustness of such systems by focusing on spontaneous speech.
Many features that are characteristic for spontaneous speech and therefore distinguish
it from other kinds of speech such as read or dictation speech, cause severe problems for
speech recognition systems. As compared to read speech spontaneous speech exhibits many
hesitations and variations in the rate of speech as speakers have to plan their further speech
while speaking. Also, slips of the tongue and repairs occur and the speaking style tends to
become less clear. Thus, spontaneous speech shows a high degree of variation which makes
it challenging to be adequately modelled by speech recognition systems.
One dimension that has been identified to cause a high degree of variation and accordingly recognition errors is the speech rate. In natural dialogues it is often the case that a
speaker changes his or her speed of articulation substantially during an utterance. The modelling of speech rate has therefore received considerable attention. However, approaches that
deal with rate variations tend to be isolated developments that have not yet been incorporated
into general speech recognition systems. They require elaborate methods for a relatively
small gain. Thus, current speech recognition systems are not yet able to capture variations of
the speech rate very well.
A predominant paradigm in the modelling of speech rate is the training of rate dependent models which is achieved by a separation of the training data into discrete rate classes.
On the one hand these approaches succeed in increasing the performance of the system on
small corpora, but on the other hand they suffer from certain shortcomings related with the
separation and thereby reduction of the training data which makes them ineffective for more
substantial systems.
In general these approaches are missing detailed knowledge about the underlying effects
of speech rate on the acoustic characteristics of the signal. Little is known about the actual
effects that have to be modelled for faster or slower speech and how to capture those effects.
In order to provide detailed insights into the effects that the acoustic correlates of speech rate
1
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variations have on current speech recognition approaches more research is needed.

1.1. Aim of this Work
The aim of this work is to provide detailed information about the influence of rate variations
and its acoustic correlates on speech recognition by systematically realising and evaluating
solutions to several aspects of relevant problems of rate modelling.
Acoustic-phonetic analyses of the spectral effects of speech rate variations show that
there is a systematic relationship between the duration of the phonetic segments and the
speech signal. They indicate that acoustic characteristics can be predicted by the speech
rate or the duration of the segments. This implies that approaches for rate modelling can be
enhanced by incorporating knowledge about these relationships. In order to profit from this
systematic relationship, more information about the nature of these effects has to be derived.
Therefore, an acoustic analysis is carried out in this work in order to determine what kinds
of effects can be found in the speech signal due to rate variations. The analysis provides
detailed information on how acoustic cues of rate variation can be captured from the signal
in order to model them.
This information is used to investigate the effectiveness of the different acoustic cues.
Extensive speech recognition experiments are carried out in order to analyse in detail relevant
aspects of speech rate modelling. These analyses are realised by making use of the prevailing
technique of rate-dependent models.
It is shown that the effects that variations of the speech rate have on speech recognition
systems are complex. Therefore, the current work elaborates these interactions and gives
guidelines for a general framework which permits a detailed and robust modelling of speech
rate. However, the realisation of such a substantial system lies beyond the scope of this work.

1.2. Outline
The structure of the investigation is reflected in the structure of this work. Since methods
and techniques from two disciplines are combined the Chapter 2 gives an introduction into
the fundamental aspects of acoustic-phonetic investigations and the principles of automatic
speech recognition. While both disciplines focus on the same subject they are based on different methods. In order to transfer results from one discipline to the other a short comparison
of the techniques is given at the end of the chapter.
Chapter 3 will then give a more detailed survey of the acoustic-phonetic implications
2
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that speech rate variations have on the spectral and temporal characteristics of the signal.
Thereby some measures of rate variation and their effects are presented and discussed. These
measures are important for the further investigations.
In Chapter 4 several approaches to speech rate modelling in automatic speech recognition
are presented. Again, the focus is put on the measures of speech rate which play an important
role in those approaches. Furthermore, different compensation techniques are explained and
discussed in their effectiveness.
The overviews of the acoustic effects of rate variation and their modelling in speech
recognition are discussed in Chapter 5. In this chapter implications for speech rate modelling
are drawn and precise questions for the further investigation are derived.
Many of the results reported in the literature about the acoustic influence of speech rate
variation are based on small corpora consisting of read speech. In contrast, in this work
acoustic-phonetic analyses are made on a large corpus of spontaneous speech in order to
derive a detailed picture of the acoustic characteristics that occur with speech rate variation.
The results of this analysis are presented in Chapter 6.
In Chapter 7 a series of speech recognition experiments is reported that was carried out in
order to address the questions raised in Chapter 5. The results of further investigations on the
acoustic models are presented in Chapter 7. It is shown how a modelling of the underlying
spectral effects of rate variation can be achieved. Finally, a summary of the work is given in
Chapter 8.

3

1. Introduction

4

2. Introduction to Phonetics and Speech
Recognition
Before the effects of speech rate variation are discussed from the two different standpoints
of acoustic-phonetic research and speech recognition a survey of the fundamental methods
and principles applied in both disciplines will be given in this chapter. However, a complete
overview of both disciplines will not be attempted. Rather, an emphasis will be on those
aspects that are important in the further course of this work. For a general introduction to
phonetics refer to [CY90] while a more detailed survey of phonetic techniques and research
is given in [HL97]. Readers interested in an introduction to automatic speech recognition are
referred to [HAJ90]. More detailed information about the search algorithms for continuous
speech recognition can be found in [NO99].

2.1. Phonetic Aspects
In this section some basic phonetic terms that play an important role in the process of this
work will be explained. They refer to the articulation as well as to the acoustic signal that
it produces. Since there is a close relationship between articulation and the acoustic characteristics of the speech signal it is helpful to consider the basic principles of articulation.
Therefore, a short survey of articulation and its effects on the speech signal is given in this
section. In order to describe the acoustic characteristics of speech signals some basic methods that are used for acoustic analysis in phonetic investigations are explained. However,
some general terms and aspects concerning the notation are discussed first.

2.1.1.

Notation

In order to analyse speech it proved useful to rely on the notions of phonemes and phones.
A phoneme is a distinctive sound which serves to differentiate words. This means that
phonemes are language specific. One method to determine the phonemes of a language is
to build minimal pairs. That are word pairs which are differentiated by only one phone. For
example, the words ”bet” and ”pet” are a minimal pair since they differ only in their first
5
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phone. This means that the sounds ”b” and ”p” represent distinctive phonemes because they
differentiate between the two words.
However, phonemes can be pronounced quite differently. For example, the German
phoneme /r/ has differing pronunciations in some dialects. In standard German it is pronounced as a uvular voiced fricative or trill1 while in some dialects it is rather realised as
an alveolar trill. Such variants are called allophones of a phoneme. More generally, the term
phone refers to actually produced instances of a phoneme while the term phoneme refers to
an abstract entity which is defined by its function of discriminating words. In order to distinguish between a phonemic and a phonetic representation a convention is followed according
to which phonemic transcriptions are written in slashes // while phonetic representations of
actually produced sounds are written between brackets []. In the course of this work mostly
phonetic transcriptions will be used since the focus of the investigations lies on the actual
realisations.
In order to represent sounds it is necessary to provide an inventory of symbols that are
related to the different sounds. The most common representation which is generally used
for phonetic transcriptions is the International Phonetic Alphabet (IPA) as defined by the
International Phonetic Association [Ass49]. Within this alphabet symbols are defined for
about all phones which can be observed in the known languages. The alphabet provides a
framework where the symbols are defined according to the articulatory features of the sounds
they represent.
In this work the Speech Assessment Methods Phonetic Alphabet (SAMPA) will be used.
The SAMPA is a machine-readable phonetic alphabet which basically consists of a mapping
of symbols of the IPA onto ASCII codes. A list of the German SAMPA inventory as used
for the phonotypic transcriptions of the lexicon for the speech recognition experiments and
examples of transcriptions is given in Appendix A.

2.1.2.

Articulation

In order to understand certain effects that rate variation has on the speech signal it is helpful
to take a look at the process of articulation. The articulatory system consists basically of
three components, the respiratory system which provides the air stream, the laryngeal system which consists of the glottis and the vocal folds for the sound production and finally the
vocal tract. The vocal tract comprises roughly all parts between the glottis and the lips or
nasal cavity where the air streams past during articulation. The shape of the vocal tract determines the acoustic characteristics of the speech signal. It is modulated by the articulators.
1
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A trill is a dynamic articulation produced by the vibration of an articulator as a consequence of the air
stream passing by it. It is different from a fricative in that the frequency of the vibration is considerably
lower.

2.1. Phonetic Aspects
By modulating the shape of the vocal tract certain frequencies in the resonance spectrum of
the fundamental sound are emphasized or attenuated.
A sound is produced by air streaming through the glottis and exciting the vocal folds.
By this excitation the fundamental sound is generated which is modulated by the supraglottal vocal tract. The vibration of the vocal folds is controlled via adjustments in vocal fold
adduction and tension and the stiffness of the folds. The tension of the vocal folds reflects the
speech effort and affects the fundamental source spectrum. For voiceless sounds the vocal
folds are open so that no fundamental tone is produced. The sound is then produced by
obstructing the vocal tract with an articulator and releasing the obstruction which causes a
plosion or a friction.
The vocal tract consists mainly of the oral cavity and the articulators which modulate
the shape of the vocal tract in order to emphasise or attenuate certain frequencies. Modulations of the sound production can also be achieved by opening or closing the nasal cavity.
However, for the sake of illustration the nasal cavity will be neglected in this description.
The most important articulator is the tongue. Due to its size and the structure of its intrinsic
and extrinsic muscles it is able to modulate the area function — the open area in the vocal
tract through which the air can flow — in almost all places of the oral cavity. For vowels this
area remains open during the whole articulation phase. In the production of vowels the most
extreme positions of the tongue are taken for the vowels [a:] [i:] and [u:]. The [i:]
is produced with a high, fronted tongue body. This means that the body of the tongue is
shifted towards the front of the oral cavity and is raised so that it almost touches the palatum.
In contrast, [u:] is produced with a high but retracted, or backed, tongue body. For [a:]
the tongue is lowered which results in a wide area function in the oral cavity but a narrowing
of the pharynx.
Contrary to this, for consonants the area function is constricted in at least one part of the
vocal tract. This constriction can be a total occlusion of the air stream as for plosives or a
very narrow constriction for fricatives where the air passes with a relatively high velocity
and causes air turbulences. For example, for [t] the tongue tip forms a strict closure at the
alveolar ridge while for [s] only a very narrow constriction is built through which air passes
with a relatively high pressure. This causes turbulences in the air stream which are perceived
as a friction noise.
In order to relate articulation to the acoustic characteristics of the speech signal the Source
Filter Model [Fan70] provides a signal based model of the articulatory processes (cf. Figure 2.1). According to this model the complex sound wave of the speech signal can be interpreted as the result of two components of the articulatory system. For voiced sounds the
basic component, the source of the sound, is the vibration of the vocal folds which produces
the fundamental tone. The frequency of this tone is called the fundamental frequency (F0).
All voiced sounds consist of a harmonic spectrum. This means that the sound not only con7
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Filter
Vocal tract

Speech signal

Energy

Source
Vocal folds

Frequency

Figure 2.1.: Source Filter Model of speech production.

sists of a single frequency but of a whole spectrum where energy peaks occur at all integral
multiples of the fundamental frequency with declining energy towards higher frequencies.
These peaks are called harmonics. The second component of the source filter model represents the vocal tract which modulates the harmonic spectrum by emphasising or attenuating
certain frequencies. This modification of certain frequency ranges is achieved by modifying
the area function through which the sound wave travels in the vocal tract. By widening or
narrowing the cross-sectional area in a certain place of the vocal tract a certain resonance
frequency will be affected. Because of this function the vocal tract is often referred to as filter. The resulting signal can therefore be interpreted to represent the fundamental harmonic
spectrum filtered by the vocal tract. Thus, on the one hand the spectrum of the speech signal
conveys information about the sound source in terms of the fundamental frequency and the
harmonic structure of the spectrum. On the other hand it contains information about the configuration of the vocal tract which is manifested in the frequency ranges that are emphasised
or attenuated.

2.1.3.

Acoustics

The source filter model indicates that the relevant characteristics of the speech signal can be
found in its spectrum. The spectrum shows the energy with which different frequencies of
the sound wave are represented in the speech signal. As can be seen in Figure 2.1 a spectrum
is represented by the energy levels of the different frequency channels. The x-axis represents
the frequency while the corresponding energy levels are indicated by the y-axis. In order
to observe changes of the energy distribution over time spectrograms can be derived by
combining the information of several consecutive spectra. In the resulting spectrogram the
energy of the frequencies is plotted against time. Thus, while the x-axis represents time, the
y-axis displays the frequencies. A high energy level of a certain frequency band at a certain
point in time is represented by a dark point at the corresponding coordinate. Less energy is
indicated by less intense colour. Figure 2.2 shows the spectrogram of the word ”Flugzeiten”
8
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Figure 2.2.: Speech signal and spectrogram of the German word ”Flugzeiten”.

[flu:ktsaIt@n] (flight time).
As can be seen, there exist frequency ranges which exhibit a particularly high energy over
the duration of certain segments. For example, four such high energy frequency bands can
be observed in the segment [u:]. These characteristic energy peaks only occur in voiced
phones and are especially pronounced for vowels. They are called formants. In order to
differentiate between the different formants they are numbered according to their place of
occurrence. Thus, the formant with the lowest frequency is called the first formant or F1, the
formant with the next higher frequency is the second formant, F2, and so on. Generally, up
to five formants can be observed in a voiced stretch of speech depending on the frequency
range displayed. However, the most important formants that distinguish between different
vowels are the first two formants F1 and F2. It has been observed that especially the first two
formants can be related to certain articulatory movements.
For example, a low first formant frequency indicates a high tongue position as in [i:]
and [u:]. A high F2 value indicates a fronted tongue position as in [i:]. The rounding of
the lips can generally be observed by lower frequencies of F2 and F3. These effects are nicely
shown in the vowel triangle of the German cardinal vowels [a:] [i:] [u:] (cf. Figure
2.3). While [i:] and [u:] share a low F1 which indicates a high tongue position the [a:]
represents the vowel with the highest F1 value indicating a very low tongue position. Indeed,
9
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F2

high[i:]

[u:]
[y:]
[I]
[Y]
[e:]
[2:]

[U]
[o:]
[@]

[E:] [E]

F1

[O]

[9]
[aI][6]
low

[a] [a:]
front

back

Figure 2.3.: Vowel space showing the German vowels. The vertical axis displays the articulatory high-low dimension as reflected in the F1 values. The horizontal axis represents the
front-back dichotomy which is related to the F2 values. Rounded vowels are represented
with an unfilled circle, unrounded vowels with a filled circle.

[a:] is the most open vowel where the tongue does not minimise the area for the airflow
in the oral cavity The average F2 value for the German [a:] indicates that the tongue is
relatively neutral in its position. In other languages there exist more phonemes which are
distinguished by a more fronted or backwards tongue position. In these languages the vowel
space is a quadrangle rather than a triangle2 .
Since the configurations of the vocal tract can be related to static acoustic characteristics,
the movements of the articulators can be related to movements of the formant frequencies
[Ste99, pp. 472-477]. For example, the diphthong [aI] is represented in the vowel space
as a path starting at [a] and moving towards [I]3 . This corresponds to the movement of
the tongue from a low to a high position as represented by the lowering of the F1 frequency
while the F2 change indicates that the tongue is moved towards the front of the oral cavity.
2
3
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For a more detailed overview of vowel systems see [CY90, pp. 62-72].
Although diphthongs are generally interpreted as one phoneme the SAMPA subset used for speech recognition experiments does not contain diphthongs. In those experiments diphthongs are modelled as two vowels
in order to avoid sparse data problems which can occur when additional phonemes are defined. However,
phonetically diphthongs are treated as one phoneme.

2.1. Phonetic Aspects
This change can be observed in the spectrogram in Figure 2.2. While the first two formant
frequencies for the [a] lie relatively close together they shift apart for the [I].
For consonants such an articulatory-acoustic relationship can also be established. However, since consonants generally do not exhibit a formant structure the acoustic cues for
different manners of articulation are related to the overall spectral envelope.
Consonants can be divided into sonorants and obstruents. For sonorants the degree of
constriction on the airflow is higher as compared to vowels but lower as compared to obstruents where a complete occlusion takes place. Sonorants are characterised by a continuous
phase as can be seen in vowels. For example, the part of the spectrogram which corresponds
to the [s] shows an almost constant energy distribution in the higher frequency ranges while
there is almost no energy in the lower frequencies. Since the [s] is a voiceless sound no formants can be observed. In contrast, for the obstruent [t] there is a phase of closure where
almost no energy at all can be observed. The release of the closure can be deduced from the
a short phase of turbulence characterising the burst which is sometimes followed aspiration.
Only then an increase in the energy level of the formant frequencies of the following vowel
occurs. This is a very characteristic structure for plosives. There exist many detailed analyses
on the acoustic characteristics of certain articulatory features. For a more detailed survey of
articulatory-acoustic relationships see [Ste99].

2.1.4.

Sources of Variation

These systematic relationships between articulation and acoustics suggest that the acoustic signal of a word or a phone ought not change significantly when produced by different
speakers in different situations. However, there are many sources of variation not only between different speakers but also within the articulations of one speaker which introduce
considerable noise in the realisations of phones and words.
One of the most severe causes of variation is coarticulation. Although it is generally
assumed that phones exist as independent entities in the articulation plan, articulation is a
continuous process which involves the movements of more or less slow articulators such as
the tongue body, the tip of the tongue or the jaw. It is, therefore, impossible to produce a
discrete series of phones independently of each other. It is rather the case that consecutive
phones are linked to each other by transition phases where the articulators move from one
position to another. This leads to what is sometimes called ”sloppy articulation”: the articulators already begin to move towards the following phone while the current one is not yet
finished.
Coarticulation can occur in different situations. For example, an articulator which is
not necessary for the production of the current phone can begin with the movements for
11
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the following phone. In the production of the plosive [t] the lips are not involved in the
articulation. In the sequence [to] the lips can therefore start with the rounding while [t]
is performed. The result is a rounded [t]. In contrast, in the case where an articulator is
necessary for both phones a stronger influence of the articulation of both phones is exerted.
For example, in the sequence [tj] the tongue tip is retracted for the [t] in anticipation of
the following approximant [j] where the tongue body has to reach the palatum. Similarly,
the place of articulation of the [j] is shifted towards the front. Thus, the place of articulation
of both phones is altered due to coarticulation.
Apart from the place of articulation other features such as the type of articulation or
voicing can also be altered. In the sequence [tj] both phones can be affected even more
because the voiceless [t] is likely to have a devoicing effect on the [j] which would result
in [tC]. However, it might also be the case that the [t] becomes voiced due to the influence
of the voiced [j]. In this case the sequence would more resemble [dj]. It is difficult to
predict which kind of coarticulation will take place. However, there is a common agreement
that overall anticipatory coarticulation is predominant where the actual phone is affected by
a phone still to come [CY90, p. 123].
Sometimes coarticulation is used synonymously with assimilation. However, some authors distinguish coarticulation from assimilation (e.g. [Woo96]). According to this point of
view assimilatory processes are assumed to take place at a higher processing level in the
speech production. They are characterised by language specific constraints. Assimilations
generally cause allophonic phoneme variations which can be captured within the basic phonetic transcription inventory. For example, the English prefix in /In/ becomes /Im/ before
bilabial consonants as in impossible. The /n/ remains unaltered before non-bilabial consonants as in intolerable or before vowels as in inactive. Thus, it is assumed that in the process
of speech production it is already planned to articulate an /m/ instead of an /n/ in the word
impossible which can even be reflected in the orthographic representation of the word.
In contrast coarticulation is assumed to be caused by the physical restrictions of the articulatory system alone and is not planned. In an attempt to distinguish both notions Wood
[Woo96, p. 139] defines assimilation as a ”contextually determined and language-specific
allophonic variation of a subset of phonemes” while coarticulation is rather a ”local articulatory adjustment of all phoneme instantiations to their current neighbours”.
This implies that coarticulatory processes are assumed to be universal and to occur similarly in every language. However, this assumption is not unanimously shared in the literature.
For example, Kohler states that coarticulation does not have to occur in one physiologically
predetermined way but can follow different strategies in different languages [Koh77, p. 89].
Some authors therefore conclude that there is no difference between assimilation and coarticulation [PW83] by arguing that the so called physiologically caused coarticulation is in
fact a planned process.
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In this work no attempt will be made to distinguish between assimilation and coarticulation. Since the distinction is based on the notion of a ”planned process” during speech
production it would be difficult to follow this discrimination in an investigation of a large
corpus of spontaneous speech. Therefore, in the further process of this work only the notion of coarticulation will be used which comprises both, phenomena which are sometimes
classified as coarticulation and those classified as assimilation.
Apart from coarticulation further variation of the speech signal is introduced by individual physiologies of speakers. On the one hand, the fundamental frequency can vary considerably from speaker to speaker because of the different sizes of the vocal folds. Since
this only affects the source but not the filter of the articulation process one might argue that
this does not affect the specific spectral characteristics of the different phones. However, the
sizes of the vocal tracts of different speakers are also highly variable. This effect is especially strong between the vocal tracts of adult female and male speakers. Even more, the
typical adult male vocal tract is not simply a scaled-up version of a typical female one, but
it is disproportionately longer in the pharynx. This means that the relationship between the
formant frequencies of female and male speakers is non-linear. In fact, the formant configurations are determined by a particular size relationship between different parts of the vocal
tract. Since these size relationships vary among different speakers the formant frequencies of
these speakers are bound to exhibit slightly different configurations while the overall vowel
chart remains similar [Nol99, p. 750].
Speakers can also differ in their individual articulation strategies. For example, it can be
observed that speakers use different strategies when speaking faster. While some speakers
tend to move their articulators faster other speakers simply reduce the movements and produce a more ”sloppy” articulation. It could be shown that there exists a relationship between
the kind of strategy that is applied and some physiological features such as the tongue or jaw
size [KM76]. However, the physiology of a speaker can only explain some of the variations
found in the speech signal. There are many other factors which cause significant differences
in articulation and the acoustic characteristics of the same phone or word.
To sum up, there exist systematic relationships between articulation and acoustics. However, variations of phonetic segments occur to a large degree in the speech of one speaker due
to coarticulatory processes. Inter speaker differences occur to a large extent due to physiological differences of the articulatory system but also due to individual articulation strategies.
Thus, despite the systematic relationships between articulation and acoustics considerable
noise is introduced into the signal in the process of articulation.

13
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2.2. Automatic Speech Recognition
While in acoustic phonetics articulation is directly related to specific acoustic characteristics,
in standard approaches to automatic speech recognition the speech production and articulation processes are interpreted as variables of a stochastic process. The goal of these types
of speech recognition is to deduce from the acoustic signal the words that have been spoken
given knowledge of the statistical relationship between the signal and the spoken words.
This statistical relationship is described in the channel model (cf. Figure 2.4) where the
different speech production modules are described in terms of probabilities. In this model
the complex process of formulating a linguistic message consisting of a sequence of words
.
is represented by its observation probability
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Figure 2.4.: Probabilistic model of speech production and speech recognition.

The acoustic characteristics of the speech signal which are influenced by variations that
occur in the process of articulation are part of the next variable describing the acoustic channel. As has been shown, during articulation variations can be caused for example by different speaker specific physiologies, individual pronunciations, dialectic variants etc. Further
sources of noise which affect the acoustic speech signal are introduced in the transmission
of the signal from the articulators to the final representation in terms of feature vectors. This
means that the environment of the recordings plays an important role. For example, recordings in a relatively quiet office environment have a different effect on the speech signal than a
noisy environment. Also, different microphones introduce different effects. Finally, features
are extracted from the received speech signal. This is an important step in the signal processing procedure because it decides which characteristics will be represented and which will be
ignored.

! "

In the channel model this process from the intended word sequence to the observed feaof observing
ture vectors is represented by a variable which denotes the probability
the feature vectors given the word sequence .





The goal of speech recognition is now to find the ideal word sequence
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duced the observed sequence of feature vectors. Since in the production process different
sources of noise are introduced4 there exists no unique solution to this problem. In the probabilistic approaches to speech recognition this problem is therefore rephrased to the search
of a word sequence which maximises the probability
. In other words, this word
sequence has to meet the following condition:
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In order to determine it is therefore necessary to compute
. This can be done
by decomposing the probability into its components according to Bayes’ rule:
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represents a constant value with respect to the maximisation it can be neSince
. Thus, it is sufficient
glected in the search for the word with the highest value for
to find the word sequence which complies with the following requirement:
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This means that the optimal word sequence can be determined only by considering the
production variables of the channel model which consists of the linguistic source, described
by
, and the acoustic channel as represented by
.



! "

exist several approaches to modelling the probability of a certain word sequence
 "There
 . In speech
recognition, probabilistic language models have become a standard method
for the estimation of this probability. They estimate the probability of one word given one or
more preceding words. The more words that are taken into consideration for the estimation
of the probability of the next word, the more detailed the language model is, but the more
training data is needed in order to reliably estimate the probability of each possible word
chain. Therefore, generally, so called bigrams are used, where the length of the word chains
upon which probabilities are estimated is restricted to two. However, since the current work
focuses on the acoustic aspects of speech rate variation the language model will be neglected
4

It should be noted that there are many systematic aspects of production causing characteristical acoustic
effects. However, in the statistical approaches of automatic speech recognition they generally appear as
noise.
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in the further course of this work. But it should be noted that the results of a speech recognition system are always influenced by both the language model and the acoustic model.



! "

In order to model the acoustic channel which is described by the probability
it
is necessary to provide an acoustic model for all words . However, before such a model can
be established it is necessary to define features with which the relevant characteristics of the
speech signal can be represented.

2.2.1.

Feature Extraction

From the preceding section one might expect that formants are good features for speech
recognition. However, formants exhibit certain characteristics which make them less suitable for this task. The most obvious argument against formants is the fact that they can only
be computed on voiced speech. This means that for voiceless consonants no formant information can be derived from the signal, which cannot be tolerated for the task of speech
recognition. Another drawback is that the absolute values of formants are highly speaker specific [LB52]. Not only do the fundamental frequencies of female and male speakers differ
significantly but it is also the case that the specific vocal tracts exhibit different characteristics which are reflected in a non-linear transformation of the formant frequencies of different
speakers [Nol99, p. 750]. Finally, automatic formant tracking is still a difficult task that is
highly error prone especially for recordings made in noisy surroundings. For speech recognition it is desirable to have features that are easy to compute and less dependent on speaker
specific vocal tracts.
For these reasons the so called Mel-Frequency Cepstral-Coefficients (MFCC) are used as
the standard features for the representation of the speech signal in speech recognition. They
are computed over a certain stretch of speech in order to capture frequencies from around
60 Hz to over 8,000 Hz. Generally, around every 10 ms a new feature vector is computed.
This period is often referred to as the frame rate. It represents the scope of the speech signal
to which the classification of the feature vector is aligned.
The MFCCs are based on the so called mel-spectrum which is derived from the spectrum
by summing the energy of higher frequencies while retaining the resolution of the lower
frequencies by the application of a mel-filter bank. The filter bank consists of overlapping
filters which sums the energy of certain frequency bands (cf. Figure 2.5). With this procedure
the higher sensitivity of the human ear to lower frequencies is modelled. The effect is a
non-linear scaling of the frequency axis which is similar to the mel scale. In general, the
mel-spectrum shows a high resolution in the frequency range up to the second and third
formants.
From this mel-spectrum the cepstral coefficients are derived by a transformation which
16
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Mel Frequency Bands

Frequency [Hz]

Figure 2.5.: Mel-filter bank consisting of overlapping filters which pools the energy of certain frequency bands.

analyses the broad and fine structure of the mel-spectrum. Since this transformation can
be interpreted as performing a spectral analysis of the spectrum the result is referred to as
cepstrum which represents an anagram of the term ”spectrum”. The lower coefficients of the
cepstrum give a representation of the broad structure of the whole spectrum while the higher
coefficients capture effects of the fine structure which consists mainly of the harmonics.
Since the harmonics do not convey information about the identity of the phone the higher
coefficients are discarded in the final feature vector. Thus, only the lower cepstral coefficients
are kept for the further processing. Since it can be shown that the cepstral coefficients of
a spectrum are de-correlated [ML93] it is assumed that the MFCCs are also roughly decorrelated and constitute a suitable base for the feature set in a classification task [HAH01,
p. 64].
In order to integrate information about the dynamic characteristics of the speech signal
over time, the first and second order derivatives of the MFCCs are incorporated into the
feature vector. They are generally computed over several consecutive frames which capture
the dynamics over about 50 ms of the surrounding signal.
In addition to the MFCCs and their derivatives, the overall energy of a frame of speech
is computed and added to the feature vector. Since the overall energy provides information
about voicing this is a further valuable feature.

2.2.2.

Acoustic Modelling

In order to set up acoustic models of words that are based on these features it is necessary
to find a suitable framework which is able to represent not only the spectral characteristics as provided by the feature vectors but also their changes over time. Also, more suitable
entities than words have to be derived because models of whole words require many train17

2. Introduction to Phonetics and Speech Recognition
ing instances in order to estimate a reliable set of parameters. This is especially important
for a large vocabulary. Therefore, smaller units which occur more often have to be derived.
Such appropriate units are, for example, phones. As has been shown in the previous section
words can be represented by a phonetic transcription which has a close relationship to the
acoustic and articulatory characteristics of the spoken word. However, due to coarticulatory
influences the realisations of a phone are strongly dependent on its context. In order to capture such coarticulatory variations phones are therefore defined in relation to their context
which is generally restricted to one phone on each side. Such context dependent phones are
called triphones. Thus, for one phoneme there exist many different triphones which represent a phone with different coarticulatory influences. For example, the German word ”nein”
[naIn] would be represented by the following sequence of triphones:
nein := #/n/a n/a/I a/I/n I/n/#
In this example n/a/I denotes the phone [a] but in order to distinguish it from realisations
of [a] with a different coarticulatory influence the context is added to the notation. Thus,
n/a/I represents an [a] with the left context being an [n] and the following phone being
[I]5 . After finding a suitable unit for the representation of words the question arises what
kind of framework is able to model the acoustic characteristics and to capture the changes
over time.
a22

a11

1

b1

a12

2

b2

a33
a23

3

a34

b3

Figure 2.6.: Hidden-Markov model consisting of three states which represent the triphone
n/a/I. The figure illustrates one dimensional feature vectors representing the first formant
modelled by a single Gaussian distribution.

In automatic speech recognition so called Hidden Markov Models (HMMs) prevail, a
probabilistic modelling strategy that is able to meet these requirements. Formally, an HMM
is a finite automaton which models a two-stage random process. The first random process
5
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If the phoneme [aI] was treated as one segment there would be only one vocalic triphone n/aI/n in
the triphon representation of the word. However, as has already been pointed out earlier, in many automatic
speech recognition systems diphthongs are treated as two distinct phonemes.

2.2. Automatic Speech Recognition
describes the probability of being in a certain state of the model. The second process represents the probability of observing a certain feature vector while being in this state. This
means that an HMM consists of states which are connected by transitions that model the
durational characteristics of a sub word unit. In order to capture the spectral characteristics
they are also provided with the ability to emit feature vectors with a certain probability. The
assumption behind this model is that the production of a sequence of feature vectors can
be modelled by a Markov model. Since only the feature vectors can be observed the ”real”
state sequence which produced the observed feature vector sequence remains hidden. Hence
the name ”Hidden” Markov Model. The problem of recognition is thereby reformulated into
finding the corresponding state sequence given a sequence of observed feature vectors. If the
state sequence that produced the signal is known the identity of the underlying word is also
known because usually every state represents a triphone.
The acoustic properties that belong to a certain state are modelled by probabilistic parameters by means of Gaussian distributions. Since this representation provides a continuous
output distribution such models are called continuous HMMs. The distributions describe the
probability density of a certain feature vector being emitted in this state. For example, Figure 2.6 shows schematically the emissions of the states that model the triphone n/a/I. For
the sake of illustration the feature space in this example consists only of one dimension representing the first formant. The example demonstrates that the outer states of a triphone are
supposed to model coarticulatory influences of the neighbouring phones. In this case the first
formant’s frequencies modelled by the first state show a flat distribution in a rather neutral
place. This indicates the influence of the neutral context [n]. The middle state is supposed
to model an ideal un-coarticulated part of the [a] with a high first formant. The last state
shows finally the influence of the context vowel [I] with a low value for F1.
However, this is a very simplified example. Normally, the output probabilities are modelled by more than one Gaussian distribution, where every distribution is weighted by a
parameter. In order to reduce the number of parameters it is possible to share the Gaussian
distribution between all states. In this case a codebook contains all distributions which are
valid for all states. The states only retain the weights for each distribution. Such models are
called semi-continuous HMMs.
HMMs also provide the possibility for a more flexible duration modelling by permitting
different kinds of topologies. However, in general two topologies prevail. The example in
Figure 2.6 shows a linear topology where from every state either a loop can be performed
or a transition can be made into the next state. In order to provide more flexibility in the
modelling of duration so called Bakis models can be applied (cf. Figure 2.7). In addition to
the linear structure they permit the following state to be skipped and the next-but-one state
to be entered directly.
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Figure 2.7.: Bakis model as an alternative HMM topology for a more flexible duration modelling.
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Figure 2.8.: Linear structure of the lexicon containing words composed of triphones HMMs.

To sum up, an HMM is a finite automaton

 

 



which is defined by a triple of parameters:





This means that an HMM is defined by a matrix containing the transition probabilities

for going from state  to state  and a set of parameters containing the output probabilities

of observing the feature vector while being in state  . This probability is generally
represented by several Gaussian distributions in order to model multi-modal distributions.
Therefore, each state  contains a set of Gaussian distributions which are called mixture
densities. Each distribution  is defined by a mean vector   and a covariance matrix  
and has a corresponding weight   . For semi-continuous HMMs there exists only one set
of Gaussian distributions  which is valid for all states. In this case the output distributions
of each state  consist of the weights   for the corresponding state independent Gaussian
distribution  . In order to model the initial transitions into the first state of a model a vector

is defined which contains the probabilities of starting with state  .

 







By concatenating such basic triphone HMMs whole word models can be created which
represent the lexicon by a simple parallel architecture as shown in Figure 2.8. In this example
the lexicon consists of the two words ”ja” (yes) and ”nein” (no) which are modelled by the
corresponding triphones. Thus, each word is represented by a sequence of states. As can be
20

2.2. Automatic Speech Recognition
seen each word starts from the same point and ends in the same ending point. These start
and end points are pseudo states with no emission probabilities and only serve as a means to
bundle the paths after a word end. Generally, this representation of the lexicon is transformed
into a more efficient tree organisation where identical pre-fixes are shared by different words.
At the end of one word the starting point can be reached via a transition from where the next
word can be accessed.

2.2.3.

Decoding



#

Given the acoustic model of the words the goal of decoding is now to determine the state sequence with the highest probability of producing the observed vector sequence . Once
the state sequence is known the identity of the word is revealed, thus the word chain ”recognised”.
In order to determine the probability of a path, the state space is expanded by aligning
the observed feature vectors with the state sequence. The path probability is obtained by
computing the transition and output probabilities given the aligned feature vectors. The most
intuitive approach to determine the most probable state sequence would be to expand the
whole search space by computing the probabilities of all state sequences that can possibly

have generated the observed sequence of the length . Since the model consists of a proba
bilistic approach, any state sequence of the length can generate the observation sequence,
however low the probability may be. Depending on the size of the lexicon and the length of
the observation sequence this means an intolerably high computational load.
A more efficient procedure is provided by the Viterbi algorithm. It reduces the computational load by discarding paths that lead into a state  which is also reached by a different
path with a higher probability. This is achieved by finding partially optimal paths. Thus, at

the last time step the locally optimal path represents the global best path and determines the
recognised word hypothesis. Generally, this process is further optimised by a beam search
strategy where paths with a low probability are excluded from further processing.
While the Viterbi algorithm is a standard technique in automatic speech recognition other
efficient algorithms for different recognition tasks have been developed. However, in the
current investigations only the Viterbi algorithm is used for decoding.

2.2.4.

Training

! "

The decoding process requires a model with parameters that optimally fit the observed data.
This means that the model should produce a maximal probability
for an observation sequence
that belongs to the word . No method is known that finds the optimal
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parameters for a given training sample. However, this modelling approach allows an iterative optimisation of the model parameters where the probability of the model to produce
the observation sequence
is higher for the optimised model than for the old model.
The training implies that an initial model does exist. The problem of initialisation is generally solved by another probabilistic approach that estimates the initial Gaussian distributions
from the training data.



A standard technique for the re-estimation of the model parameters is the Baum-Welch
algorithm. It estimates the new parameters for a state from the observed feature vectors by
weighting the observed values with the probabilities of being produced by that state of the
model .



of making a transition from state  into state  is deterFor example, the probability
mined by the expected number of transitions from  to  divided by all expected transitions
from  into any other state given the observed sequence of feature vectors:



 


expected number of transitions from  to 
expected number of transitions from  into any state

For this computation it is necessary to know how probable it is to be in state  at any
given time step and making a transition to state  given the observed vector sequence and

the model . Let this probability be denoted by the variable    and the probability of
being in state  at all be denoted by   . Then the new transition probability
can be
derived according to the following formula:

  

 




            
   








(2.4)



Thus, the expected number of transitions from state  to state  is determined by the
observed number of transitions from state  to state  weighted by the probability of making
that transition given the observed vector sequence and the old model .



The output probabilities are re-estimated according to the same principle. In order to
determine the new mean of a Gaussian distribution by all feature vectors  the probability

 
of being in state  and selecting the -th distribution given the observation and the
model has to be computed first. The new mean   is then determined as the sum over all

vectors  multiplied by the probability  
divided by the sum over all time steps of
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(2.5)

2.3. Comparison of the Acoustic Features
The new values of the covariance matrices   and the weights

distributions are computed accordingly by making use of  
.











of the Gaussian

To sum up, in order to derive new model parameters that optimise the probability of
observing given the model it is necessary to provide an initial model and a training
sample containing the training vector sequence . The new parameters are estimated by
weighting the observed data with the probability of their occurrence according to the old
model.

2.2.5.



Evaluation of the System

In order to evaluate the performance of a speech recognition system it is important to provide
a meaningful measure. The most common measure is the word error rate (WER). As the
name already indicates it is based on the number of errors in the recognition result at the
word level. For this measurement the word hypotheses produced by the speech recognition
system are compared to the correct word sequence as provided by a correct orthographic
transcription of the test utterance. Since the recogniser does not necessarily produce the
same number of words as in the correct word sequence an alignment is applied where the
correct word sequence is matched with the word hypotheses. This alignment is performed in
such a way that the words which are correctly recognised match the corresponding words in
the reference transcription. From this alignment the number of deletions and the number
of insertions can be determined. When a wrong word has been recognised this is counted
as a substitution . From these counts the WER is determined according to the following
formula:
















WER

where
denotes the number of words as provided by the reference transcription of the
utterance. Thus, the word error rate denotes the percentage of incorrectly recognised words.
Generally, improvements of the performance of a system are measured in terms of the
relative reduction of the WER. This allows changes over tasks with different levels of complexity to be compared, since absolute improvements on an already well performing system
or corpus are generally smaller than on systems with a lower performance.

2.3. Comparison of the Acoustic Features
This brief introduction into the basic methods of phonetic investigations and automatic
speech recognition shows that there are discrepancies in the representation of the acoustic
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characteristics of speech between both disciplines. As has become obvious, the most important paradigm for the description of the acoustic characteristics of vowels in phonetics
is the use of formants. Formants seem to be an appropriate means for describing acoustic
events because they relate so well to articulation. On the other hand, in automatic speech
recognition formants are not used, because they lack certain characteristics demanded by
classification approaches. Apart from carrying speaker specific information which has to be
normalised, formants can only be computed on voiced speech and are difficult to track automatically. In contrast, MFCCs can easily be computed automatically on any part of speech,
even on silences or non-speech events, and capture characteristics of the whole spectrum.
Furthermore, the MFCCs are able to separate information of the fundamental frequency, as
reflected in the harmonic structure of the spectrum, from the information of the vocal tract
configuration which is important for the identification of a phoneme. However, they are far
more difficult to interpret in their relation to articulation than formants. In order to project results of phonetic analyses based on formant frequencies onto automatic speech recognition,
one has to address the question of the relationship between the two sets of features first.
In the literature many investigations can be found on how to capture characteristic information of vowels from the spectra. A very interesting series of experiments is reported in
[PPvdG67] [PvdKP69] [KPP70] [PTP73]. These experiments are based on a principal component analysis of the spectrum which is compared to results obtained by formants. For the
experiments, the static part of vowels taken from one-syllabic words uttered in isolation was
analysed.
A representation of the vowels by the first two principal components of the logarithmically spaced spectrum was computed which established a new topology of the vowel space.
A comparison of this representation with the vowel space given by the first two formants reveals that both representations are in fact congruent. This means, that the first two formants
of the steady state part of a vowel can be predicted by a principal component analysis of the
spectrum.
For the comparison of formants and MFCCs this indicates that MFCCs and formants are
also very similar. In the literature it is generally agreed upon that the MFCCs are in fact decorrelated [HAJ90, p. 64]. This indicates, that the inverse cosine-transform, which is applied
to the mel-filtered spectrum, performs some kind of principal component analysis. Thus, the
principal components of the spectrum as reported in [PPvdG67] can be assumed to be quite
similar to the MFCCs. This would mean that the first two formants and the first two MFCCs
are closely correlated, at least on static vowel segments.
However, differences between formants and MFCCs were found in [ZJ93]. In a comparison of formants and MFCCs it was shown, that MFCCs are more appropriate for the
classification of vowels than formants because they provide a more complete representation
of the vowel spectrum. Again, experiments were carried out on vowels taken from CVC
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syllables spoken in isolation. In this investigations the first MFCC is interpreted to capture
the overall spectral tilt while the second coefficient is a measure of the spectral compactness. The higher coefficients are then representations of more and more finer details of the
spectrum. In a classification task it was shown, that using the first three formants as a representation of the vowels yielded slightly worse recognition rates than when using the first 10
MFCCs. However, when comparing the three formants with the first three MFCCs the formants significantly outperformed the MFCCs. This indicates, that the few formants convey
more information than the corresponding MFCCs. Thus, there is no one-to-one relationship
between formants and MFCCs. When adding the fundamental frequency as additional source
of information to the three formants and the 10 MFCCs, the performance of the formants increases significantly while the results of the MFCC features do not change. However, the
formants never reached the performance of all 10 MFCCs. In summary, this investigations
showed, that the classification performance of formants and MFCCs differs significantly in
favour of the MFCCs. A direct comparison of the first three coefficients of each feature set
also shows, that MFCCs and formants can not be directly compared.
To sum up, formants and MFCCs show a similar behaviour in a classification task. Due to
the higher number of coefficients MFCCs seem to convey more information that is necessary
for a classification. Thus, in a classification task MFCCs and formants behave comparably
but not exactly similar. There are also indications that MFCCs reflect the vowel topology as
observed in the representation of the first two formants. Thus, although formants and MFCCs
are clearly distinct features there are strong indications that they reflect similar characteristics
of the speech signal.
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3. Influence of Speech Rate on
Acoustic-Phonetic Properties of Speech
The variation of speech rate has been considered in a variety of acoustic-phonetic experiments. The effects found in these experiments are manifold and do not only concern durational and spectral parameters but also affect the human perception of speech. This chapter
reviews the influence of speech rate as one of many factors on acoustical and articulatory
parameters as well as on perception.

3.1. Durational Effects
Speech rate is a complex variable which is composed both of the rate at which the speech
itself is produced — the articulation rate — and the number and duration of pauses in the
utterance — the pause rate [MGL84]. Articulation rate measures the number of units per
time that are produced by the articulators. It is strongly constrained by the physics of the
articulatory system and cannot exceed a certain rate. Generally it is measured in terms of
syllables per second on stretches of speech where pauses are discarded. Closely related but
not to be confused with is the articulator speed which gives the speed, with which the articulators move during speech production. Although one might assume that a fast articulation
rate always causes fast movements of the articulators, this is not necessarily the case. As
will be shown in the following section on spectral effects of rate variation, it is possible to
preserve a slow articulation speed in speech with a high articulation rate by a more sloppy
execution of the required movements.
In the following section a distinction will be made between articulation rate, which is
measured only on stretches of speech where silences are discarded, and speaking rate, which
means the overall rate where silences are included. The term articulator speed refers to the
velocity of the movements of the articulators and is different from the articulation rate. If no
distinction is intended the general term speech rate will be used.
In early investigations the change of the overall speech rate was attributed to changes in
the pause rate while the articulation rate was considered to be a speaker specific constant.
This would mean that a slow speech rate is characterised by more and longer silences while
27

3. Influence of Speech Rate on Acoustic-Phonetic Properties of Speech
a fast rate is achieved by simply shortening and omitting pauses. The actual time without
pauses during which speech is produced would remain the same. In [GD75] conversational
speech from radio interviews was analysed by computing the number of syllables per second
over a certain stretch of speech. In order to find appropriate stretches of speech, the interviews
were divided into so-called runs which occur between two pauses. Several consecutive runs
were grouped together to form a stretch of speech containing around 30 syllables. Over these
groups of 30 syllables the articulation rate was measured by computing the mean number of
syllables per second. However, the duration of the pauses was not taken into account. Over
all interviews the pause rate varied by about 27% while the articulation rate only varied by
about 10% which was considered a marginal amount. The authors concluded that most of
the speech rate variation is caused by changes in the pause rate while the articulation rate
remains relatively stable for each speaker and constitutes a speaker specific constant.
This argumentation was not followed by the authors of a reanalysis of this data [MGL84].
They argued that the stretch of speech over which the articulation rate was measured was too
long. Instead of a group of 30 syllables they computed the articulation rate over shorter runs,
which occur between two pauses. The mean number of syllables of these runs was around
11. With this new base of the measurements the articulation rate varied from 2.2 to over 7.9
syllables per second over all speakers with mean syllable durations between 126 and 450 ms.
The authors concluded that the articulation rate does indeed vary over a wide range even for
one speaker and that the variation of the overall speaking rate consists of both changes in
articulation rate and in pause rate.
From these experiments the conclusion can be drawn, that the articulation rate is indeed
severely affected by overall speech rate variations. For a review of the acoustic implications
it is therefore more interesting to focus on variations of the articulation rate, because the
effects of rate variation on the articulation will be reflected in the acoustic characteristics of
the speech signal.
While the above mentioned results show that too long a stretch of speech for the measurement of the speaking rate is not appropriate for measuring local rate variations, it should
be mentioned that this stretch of speech must not be too short either. The shortest entity for
measuring the syllable rate would be the syllable itself. However, since the syllables of a
language can have different structures this would not be a very reliable measure. For example, a syllable can consist of a single vowel as the [a] in the German verb reagieren
[re a gi: r@n] (to react). It is obvious that the duration of this syllable will be significantly shorter even in slow speech than the complex syllable [hE6pst] in German Herbst
(autumn). In a language that allows complex consonant clusters such as German such differences are likely to appear.
One might argue that the phone rate would be a better measure since it represents a less
heterogeneous structure. However, phones exhibit intrinsic durations. For example, the En28
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glish vowels can roughly be divided into two categories, for which duration is one distinctive
feature, namely the intrinsically short and long vowels. Since the duration of vowels is also
affected by consonantal context and stress, high local variations of the phone rate can be expected due to these factors alone, rather than to articulation rate. If the phone rate is smoothed
over a longer stretch of time these variations are expected to be neutralised, leaving a rough
estimate of the articulation rate. However, articulation rate is generally measured in syllables
per second since the syllable is assumed to be a more adequate articulatory entity.
In a study on the relationship between duration and articulation rate over different
stretches of speech it has been confirmed that in spontaneous speech a measurement of
the articulation rate on stretches of speech where pauses are discarded is more appropriate
[TKEB01]. The highest correlations between the number of linguistic units and the articulation time was found to occur on so called inter-pause stretches which occur between two
pauses. In contrast, the correlation tended to be lower in intonation phrases, which could include pauses. Since intonation phrases can be longer or shorter than inter-pause stretches, so
this result cannot be caused by a longer duration of the intonation phrases. In the same study
the correlations of duration and segment rate computed on different speech units were investigated. As was to be expected, it was shown that the best correlation between the number
of segments and duration was achieved for the shortest segments, the realised phones, while
the longest unit, the intended word, only leads to minor correlations because words exhibit a
higher variance in duration than phones.
With regard to articulation rate it is worth noting that different kinds of phones are affected differently by speaking rate. For example, vowels are affected far more than consonants. In [MTÁL97] a corpus with three different rates of speech was analysed. The Spanish
corpus TRESVEL consists of utterances of speakers who were asked to speak slowly, fast
or at a normal rate of speech. While the duration of vowels was reduced by about 61% from
slow to fast speech, the reduction of unvoiced plosives only amounted to 36% which represents a relative difference of almost 100%.
In a more detailed analysis of the shortening of English vowels it was revealed that intrinsically long vowels are more affected by speech rate than short ones [Mil81], which reduces
the absolute difference in duration between long and short vowels in fast speech. Apart from
these phone-specific effects of the articulation rate, it has been shown that greater entities
than a phone, such as the syllable, also behave differently under variations of the articulation rate. For example, unstressed syllables show a stronger shortening in fast speech than
stressed ones [PL60] which actually increases the difference in duration between stressed
and unstressed syllables.
To sum up, overall speech rate variation is generally attributed to both variations in the
articulation rate, which affects the mean segment duration, and pause rate. However, it has
been shown, that a measure of the articulation rate is always influenced by other factors,
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such as the phone identity, the stress pattern or the syllable structure. In order to compensate
effects of intrinsic duration, articulation rate is generally measured in syllables per second.
The stretch of speech over which the measurement is taken should therefore on the one hand
be long enough to compensate for different syllable structures. On the other hand it should be
short enough to reflect the potentially high local variations of the articulation rate. The stress
pattern remains a variable that is not captured by this measure. For acoustical analyses the
articulation rate is the most interesting factor, because it affects the duration of the phonemic segments. In the following section it will be shown how these rather severe durational
changes of the phonemic segments in spontaneous speech affect the spectral characteristics
of speech.

3.2. Reduction
Early hypotheses about the influence of rate variation suggested that changes in the articulation rate simply cause a horizontal compression of the spectrogram where each sound
segment is compressed in its duration while the formant frequencies remain unaffected (e.g.
[Joo48]).
However, experiments showed that this hypothesis could not be sustained. In an investigation of the influence of duration on the spectral characteristics of vowels, Lindblom found
evidence for target undershoot by measuring the formant frequencies of eight Swedish vowels uttered by one speaker in different stress and articulation rate conditions within the three
consonantal contexts [bVb], [dVd] and [gVg] [Lin63]. He observed that with decreasing duration the formant frequencies of the tokens of any vowel became more heterogeneous.
These variances were not only strongly correlated with the duration, but also with the consonantal contexts of the vowels. Based on these results Lindblom defined a function that
predicts the frequencies of the n-th formant of a vowel token at the maximum or minimum
of the formant track of a vowel. With this function Lindblom was able to explain about 50%
of the variance of the formant frequencies observed in his data. The function is based on the
distance between the hypothetical formant frequency that is characteristic for the consonantal context, the so called locus, and the target, i.e. the expected ideal frequency of the vowel.
Since the locus depends on the consonantal context of the vowel, this distance is a measure
of the expected coarticulatory strength of the context. The greater the locus-target distance,
the stronger the target undershoot.
Lindblom estimated the target frequencies for each vowel by finding the optimal correlation between the amount of target undershoot — as defined by the difference between the
observed formant frequency and the target value — and the duration of each vowel token.
The graphs for the Swedish vowels [I], [U] and [a] in the contexts [b-b], [d-d]
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Figure 3.1.: Frequencies of the second formants of the Swedish vowels [I], [U] and [a]
as a function of duration and consonant context as predicted by the target-undershoot model
of Lindblom [Lin63].

and [g-g], as predicted by the target undershoot model, based on these target frequencies
are shown in Fig. 3.1. As can be seen, the graphs for each vowel are approaching the same
target frequency with increasing duration. However, as the dotted lines for durations of less
than 50 ms reveal, this model is not realistic for very short durations. For example, the predicted formant frequency of an [U] in the [bVb] context for 10 ms is nearer to the target
frequency of the [I] as the predicted value for [bIb], which in turn almost reaches the
target frequency of the [U]. One would rather expect that the graphs for the same contexts
intersect in one point at the hypothetical duration of 0 ms or less. These unrealistic predictions for very short vowels may be due to the fact that the recorded vowels had durations of
at least 80 ms.
F2
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Figure 3.2.: Acoustically reduced vowel space as a consequence of target undershoot.
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If the values of the predicted first and second formant frequencies of short vowels are
plotted against each other a reduced vowel triangle as pictured schematically in Fig. 3.2 is
obtained. While some authors state that this shows a tendency of short vowels to degenerate
into the neutral vowel [@], Lindblom argues that this centralisation effect is simply the
result of increased contextual assimilation and shows nothing about the dynamics of vowel
articulation.
While the results of Lindblom’s investigation show a strong relationship between vowel
duration and a degeneration of the vowel formant frequencies, there exists no unanimous
opinion in the literature as to whether duration is the only cause of this reductional effect. In
the following section several other factors will briefly be described.

3.2.1.

Causes of Reduction

Lindblom’s observation of the target-undershoot phenomenon indicates a strong relationship
between duration and the acoustic quality of vowels. However, one might also expect other
factors to cause such a degeneration of the formant frequencies. As has been shown in the
previous chapter, the formant frequencies are strongly correlated with the movements of the
articulators. Therefore, target-undershoot can also be expected to occur in situations where
less speech effort is applied during articulation. This can be the case, for example, in unstressed syllables. Thus, one might expect reduction to occur in unstressed syllables rather
than in stressed ones. Furthermore, Lindblom’s study shows that vowel reduction depends
strongly on both vowel duration and the phonetic context of the vowel. This means that while
the duration determines the extent of the reduction, the context determines the direction of
the formant shift. This would explain Lindblom’s observation of an increased variance for
short vowels. However, if only the mean values of the tokens of a vowel were computed, no
effect could be observed. In the following some findings about different causes of reduction
will be briefly summarised.
Since duration and stress are strongly correlated, it can be argued that it is rather stress
than duration that causes vowel reduction, because unstressed syllables are articulated with
less effort. However, Lindblom argues that unstressed syllables are reduced because they are
articulated in less time and not due to less articulatory effort. He substantiates this with the
results of a small follow-up investigation, where one speaker had to utter stressed syllables
at speech rates from 0.5 to 6 syl/s. Even though the syllables are stressed, target undershoot
occurs to the same extent as for unstressed syllables. Lindblom concludes that there are
limitations inherent to the articulation system which are independent of articulatory effort
and are based solely on duration.
This point of view, according to which duration is the main factor for vowel reduction,
is not unanimously shared in the literature. In [Del69] the author argues that the main deter32
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minants of vowel reduction are stress and speech rate rather than duration because a shorter
duration is only a product of less stress and a higher speech rate. Therefore, duration should
be seen only as a secondary determinant of vowel reduction [Del69, p. 298].
In experiments reported by Fourakis [Fou91] this argumentation could not be sustained.
He found that stress and duration had only a marginal effect on vowel reduction while context seemed to be the most important factor in determining the position of the vowel in the
vowel space. Similar results were obtained by Van Bergem [vB93a], who observed a strong
influence of the context on reduction apart from stress and word class. For example, vowels
occurring within the articulatorily neutral context [hVd] are farther away from the vowel
space centre than vowels with less neutral context and their distance was found to be unaffected by duration. Van Bergem therefore argues that reduced stress shifts the formant
frequencies in the direction of their neighbouring segments rather than towards the centre of
the acoustic vowel space. If the context is neutral, no reduction will take place.
More recently, another factor that might have an influence on vowel reduction was investigated by Aylett [Ayl00]. It is based on the assumption that the overall redundancy of spoken
speech is smoothly distributed. This means that language redundancy and care of articulation
are inversely related. According to this idea high-frequency words that do not convey new or
important information, such as articles or prepositions, are produced with strongly reduced
formant frequencies. In contrast, words that cannot be predicted from the context are articulated carefully. Aylett analysed spontaneous speech from an English task-oriented dialogue
corpus and computed two measures which are inversely related to reduction which he calls
care of articulation.
The first one measures the Euclidean distance from a vowel token to the speaker specific
vowel space centre in a mean and variance normalised, bark scaled frequency space. Thus,
the further away a vowel token is from the vowel space centre, the less reduced it is. The mean
and variance normalisation was performed in order to adjust for different speakers’ vowel
spaces in terms of absolute formant frequencies, but also in terms of the frequency ranges
that the formants can take. Since this measure does not take into account any coarticulatory
effects, another measure is introduced, which measures the relative distance of a vowel token
from the quasi target frequencies of the vowels. These target frequencies are obtained from
words spoken clearly and in isolation by the test speakers. The further away a vowel token is
from these target frequencies, the more coarticulated it is.
In the final analysis of the relationship between redundancy and care of articulation Aylett
showed that the reduction measures were indeed correlated with the measures for language
redundancy. Thus, low frequency words or words that are not predictable from the preceding
words have formant values that are closer to those of the clearly spoken vowels than high
frequency words or words that can easily be predicted from the context. In a discussion of
the relationship of care of articulation and duration the author states, that both phenomena
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are closely related. However, he also argues, that duration and care of articulation are not the
same and do not necessarily have to behave in the same way.
While the stress pattern and the phonetic context are rather linguistic variables that influence the acoustic characteristics of vowels, there are also a variety of non-linguistic factors
that affect the realisation of spontaneous speech. For example, complex interactions with
phonetic reduction have been reported for different kinds of emotion. It is generally assumed
that changes in the emotional state of a speaker affect his or her physiology and consequently
the acoustic characteristics of his or her speech [GTS88].
In an investigation of the effects of different emotions on articulatory reduction in terms
of segment deletions and assimilations it was shown that the emotional states of fear and
sadness were both correlated with high articulatory reduction [KPS99]. However, while fear
was characterised by a fast speech rate, which is consistent with the finding of reduction,
sadness showed a slow speech rate together with reduction. This finding is in contrast to
the previously reported results, where reduction did only occur in fast or unstressed speech.
While in this analysis reduction is measured on a symbolic level by deletions and phoneme
alterations, there are indications that they are accompanied by acoustic reduction. Although
no articulatory measurements were taken, the emotional state of sadness was interpreted
to correlate with low muscular tension, which causes a high amount of assimilation and
deletions. If one follows this argumentation, acoustical reduction in terms of reduced formant
frequencies would be expected to coincide with deletions and assimilations, because low
muscular tension of the articulators is likely to cause articulatory undershoot. In this case a
low speaking rate as observed for the sad emotional state would be accompanied by reduced
formant frequencies. This is contrary to results from former investigations, where reduction
is correlated with a high speaking rate or shorter segmental durations, and indicates that
other factors than duration or stress can cause reduction, too. However, it should be noted
that these analyses were carried out on speech produced by actors. Although the analysed
speech proved to be identified as fearful or sad in a listening experiment, it remains to be
shown that natural emotions by naive speakers evoke the same acoustical characteristics of
the speech.
Also, apparently similar emotional states such as different kinds of psychological stress
do not have similar effects. Cognitive stress induced e.g. by a time-critical task to be performed while speaking leads to an increase of the precision of articulation. In contrast, emotional stress induced by pictures of severe accident injuries is correlated with acoustical
reduction [TS86]. Thus, the relation between the emotional state of the speaker and acoustic
reduction is a complex one with different emotional states evoking different acoustic effects.
In summary, it can be stated that there are different causes for acoustical reduction. While
duration or articulation rate is one of the most obvious causes, other factors such as linguistic
stress, speaking style and even the emotional state of the speaker influence the articulatory
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and acoustic precision of spontaneous speech. All these findings show that reduction is a
very common phenomenon in many different kinds of speech. Therefore, in the following
sections a closer look will be taken at the acoustic characteristics that are associated with
reduction.

3.2.2.

Centralisation

In most of the above mentioned investigations reduction was measured by means of the
relative distance of a vowel token to the vowel space centre. This implicitly suggests that
each token is shifted towards this centre. However, as has already been pointed out, reduction
is actually caused by increased coarticulation of neighbouring phonemes. This would mean
that the formant frequencies rather shift towards the values of their neighbours instead of the
neutral vowel in the centre of the vowel space. In the case of such a centralising shift, the
vowel space centre would play an important role in reduction and in predicting the places
of the vowels in the acoustic vowel space. In the literature some discussions about the role
of the vowel space centre in reduction can be found. Some of the arguments will be briefly
summarised in this section.
A very radical view concerning the role of the vowel space centre, as represented by the
neutral vowel [@], is taken by Van Bergem in [vB95]. He argues that there exists no neutral
vowel in the centre of the vowel space. He states that the results of former experiments where
a shift of the formant frequencies of the vowels towards the vowel space centre was observed
were artifacts caused by the summation over all vowel tokens regardless of their context.
In his experiments he found that a vowel may be completely assimilated with its phonemic
context while its vowel colour can still vary widely. In order to show this effect, Van Bergem
measured the curvature of the formant tracks of vowels over time. He observed that in fast
speech there was an especially strong effect on the curvature of the neutral vowel [@] where
the formant tracks of the vowel approached a straight line between the on- and offsets. This
can be interpreted as the vowel having no target of its own. From this Van Bergem draws
the conclusion that the vowel [@] is not produced with a neutral vocal tract, but that it
is rather a vowel that is completely assimilated with its phonemic context. Therefore, he
argues that vowel reduction is not a centralisation tendency where all vowels tend to become
the same neutral vowel produced with a neutral vocal tract, but that it is rather an increase
in contextual assimilation. According to this argumentation the neutral vowel is the most
convenient point in the articulatory-acoustical space to go from one consonant to another
and depends therefore only on the context of the vowel. Therefore, it can be argued that other
reduced vowels are not shifted towards the centre, because there exists no neutral vowel [@].
They are rather shifted towards the phonemic context in a similar way as the neutral vowel
is. The position of a strongly reduced vowel will therefore only depend upon its context.
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However, this point of view is not undisputed in the literature. In a study, where the focus
was put on the target of [@] as expected to be observable in slow speech, Barry investigated
the influence of the consonantal and vocalic context on the formant frequencies of the [@]
[Bar98]. As in the former study, the results showed that in fast speech the position of the
[@] in the F1-F2 plane is shifted towards its consonantal and vocalic context. While both
investigations achieved the same results the former fails to explain why there exists a stronger
curvature in the formant tracks of slow [@]. For slow speech this means that the formant
values of [@] are less affected by their context and constitute a target of their own. For
the question of the role of centralisation in fast speech this only indicates that [@] is also
affected by its phonetic context. However, in contrast to other vowels, the shift of [@] will
point rather into the direction of the outer boundaries of the vowel space.
In [KVB80] the problem of the role of [@] is avoided by making use of the vowel space
centre which is computed as the mean over all vowels. In her data, which consisted of speech
ranging from conversational speech to words spoken in isolation, Koopmans-Van Beinum
found a constant relationship of the first and second formants of this centroid which represents the neutral position of the articulatory organs and is therefore anatomically determined
by the speaker’s vocal tract. This centroid was used to measure the amount of reduction by
computing the total variance of all vowels in different speech conditions which gives the
acoustic system contrast. This measurement implicitly assumes that reduction is based on a
shift of the vowel formant frequencies towards the centre.
The analysis was carried out on Dutch vowels spoken in various speech conditions ranging from vowels spoken in isolation to normal conversation. The results indicate that the
acoustic system contrast is most reduced in unstressed vowels in free conversation while
least reduction can be found in vowels produced in isolation. Here, centralisation means less
articulatory effort which finally leads to vowels produced with a neutral vocal tract. This
means that strongly reduced vowels contain more information about the speaker’s vocal tract
and less information about the vowel identity.
However, this interpretation of the centralisation point to represent the speaker-specific
neutral vocal tract position is put into perspective by an experiment where the role of the
centroid in different languages was investigated [Del69]. From the comparison of acoustic
and articulatory data of the four languages English, German, Spanish, and French, Delattre
concluded that the formant frequencies of unstressed vowels shift towards a language specific
pole near the centre of the vowel triangle. Thus, the speaker-specific centralisation point as
proposed by Koopmans-Van Beinum seems to be at least influenced by language-specific
characteristics.
In summary, while most investigations are based on the implicit assumption that acoustic
reduction is caused by an increased coarticulation, the measurement of reduction is generally
based on the distance of the vowel tokens or the mean formant frequencies to the vowel space
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centre. This indicates that apart from an increased coarticulatory effect, reduction means also
a shift towards the acoustic vowel space centre. However, even studies where the difference
between an increase in coarticulation and centralisation is discussed fail to analyse in detail
the relative amount of coarticulation versus centralisation to the overall effect of reduction.

3.2.3.

Effects on Dynamic Features

In the experiments reported so far the analysed formant frequencies were taken from the
middle of the vowel segments. However, articulation is a continuous process and there is evidence that human listeners are able to recognise a vowel even before the target frequencies
of this vowel are reached. This indicates that there is more information in a vowel than may
be derived from the static properties derived from the middle of the segment. For example,
more information can be drawn from the change of the formant frequencies over time. In
order to capture such time varying information of formants, several investigations focus on
dynamic formant movements which are captured either by a mathematical model of the formant tracks or by analysing the formant frequencies at different time positions in the vowels.
From these dynamic characteristics it is possible to draw conclusions about the movements
of the articulators.
In an attempt to explicitly capture the dynamics of the formant movements Van Bergem
[vB93a] modelled the formant tracks over time with second order polynomials. Second order polynomials are able to model tracks with one minimum or maximum. The underlying
assumption is that the formant track in a vowel starts from a neutral point, which might be
influenced by the context, reaches a maximum in the middle of the segment, and will finally
go back to a neutral point. He compared the formant tracks of vowels spoken in isolation
with vowels where the steady state part was heavily reduced. In order to obtain comparable
results, a time normalisation of the formant tracks was performed by scaling all movements
to fit the same time window1 .
The computation of the second order polynomials showed that the time normalised tracks
were not identical. The normalised formant tracks were flatter for reduced vowels as compared to un-reduced vowels. This was interpreted to show that reduced vowels are articulated
with even slower movements than un-reduced vowels. However, since the method of the time
normalisation as a crucial point in this investigation remains unclear, this result may only be
an artifact.
1

However, note that it remains unclear whether this time normalisation only means a change of the temporal
resolution or includes the frequency range as well. If only the time resolution is changed, the normalisation
would severely affect the curvature of the formant tracks. In this case, a longer duration would lead to a
steeper movement of the formants. The time normalised formant tracks are only comparable, if the time
normalisation included both the temporal and the frequency dimension.
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All the above mentioned investigations were able to find some kind of reduction that
occurred in fast or unstressed speech. However, the conditions under which the recordings
of the analysed speech samples took place are rarely considered. In a revised version of the
target undershoot model an additional factor was, therefore, taken into account: the speaking
style. Moon & Lindblom [ML94] showed that speakers are able to talk faster without necessarily reducing the movements of their articulators. In order to obtain speech data that was
likely to produce such an effect, they asked their test speakers to talk fast and very clearly.
The results showed that, while the test speakers did indeed reduce the duration of their segments in order to speak faster, they did not reduce the formant frequencies of their vowels.
They achieved this by faster movements of the articulators, which is reflected in steeper
slopes of the formant tracks.
Similar results were obtained by Pols & Van Son [PvS93], who compared the speech
of a professional news reader reading at normal and fast rate. They found no indication of
undershoot caused by shorter segment duration. Instead, the formant tracks were shown to
be steeper in the fast speaking condition. Therefore, the authors proposed an active model of
speech production as opposed to the target undershoot model (see Fig. 3.3). The active model
is characterised by a more heavily curved formant movement for fast speech, while the target
undershoot model predicts similar slopes for the formant tracks for both rate conditions.
Active model
(Pols et al. 1993)

Formantfrequency

Formantfrequency

Target-undershoot model
(Lindblom 1963)

Time

Time

Figure 3.3.: Active Model as proposed by Pols & Van Son[PvS93] in comparison to Lindblom’s target undershoot model. The target-undershoot model predicts a reduced formant
frequency with the formant movements remaining stable for fast and slow speech. In contrast, the active model predicts similar formant frequencies for fast speech which are achieved
by steeper movements.

An example of stable formant movements for slow and fast speech is given in an analysis of the on- and offset formant frequencies of American English diphthongs, where it
was found that the change of the second formant remains fixed in faster speech together
with a stable onset frequency [Gay68]. A compensation of the reduction of available time
was achieved by a change of the offset formant frequencies. Similar results were obtained
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in a follow-up study of monophthongs [Gay78]. It was shown that the midpoint formant frequencies as well as the formant movements were not affected by speech rate. However, this
was achieved by the onset formant frequencies lying closer to the target frequencies. This
means that there are different reduction strategies for diphthongs and monophthongs. While
in diphthongs the offset frequency is shifted towards the target frequency, in monophthongs
this compensation seems to take place at the onset of the vowel. These results are difficult to
interpret, since they indicate that the compensation of the reduced time is shifted towards the
beginning or end of the vowels, which means that the adjacent consonants have to be produced faster or reduced or have to incorporate more influences of the vowel. This indicates
that consonants are also heavily affected by reduction.
In summary, the results of the investigations of the formant movements over time show
that in the case where a faster speaking rate induces articulatory and acoustic reduction, the
formant movements tend to remain stable, indicating a similar velocity of the articulatory
movements for fast and slow speech. In fast speech the shorter duration is compensated by an
earlier cut off of the articulation before the target position is reached, which results in reduced
formant frequencies. However, it has also been shown that this strategy can be changed by a
different speaking style. If the speaker attempts to speak clearly and fast the target values can
be reached even in a shorter period of time by faster movements of the articulators, which is
reflected in steeper formant tracks. It has finally been shown, that the consonantal influence
on the acoustic characteristics of the vowels in fast speech is not entirely clear. There are
some indications that reduction also takes place in consonants. This topic will be addressed
in the following section.

3.2.4.

Consonant Reduction

Since reduction is mostly defined and analysed in vowels, the question arises what happens
with the consonants in fast or unstressed speech. The observed effects of articulation rate on
vowels mostly concern the formant frequencies. It is therefore necessary to find new acoustic
features that reflect articulatory reduction in consonants. The definition of new measures for
such effects will, therefore, receive a lot of attention in the following section.
Consonant reduction was investigated in a series of experiments by Van Son & Pols
[vSP95] [vSP96] [vSP99], who defined several parameters that they assumed likely to be
affected by consonant reduction. Their analysis is based on a corpus of spontaneous and
read speech of a professional news speaker which contains a read version of spontaneously
produced text. Thus, the two compared speaking styles consisted of a version which was
assumed to contain heavily reduced segments and a read version as reference with less reduction.
In order to measure the coarticulatory strength, which is assumed to be higher in reduced
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phonemes, they calculated the differences of the slopes of the second formant (F2SD) at the
end and the beginning of a consonant in a VCV sequence (cf. Fig. 3.4).



 

 

  

(3.1)

If the F2 values of the consonant target lie between those of the adjacent vowels, coarticulation is assumed to be high and the F2SD values tend towards zero (Fig. 3.5 right). If
the F2 values of the consonant constitute a minimum or a maximum, the articulation is assumed to be carried out more carefully and with less coarticulation because the consonant
represents its own target. Even if an unvoiced consonant is articulated, it is assumed that the
formant movement at the end of the preceding vowel indicates the movement of the articulators towards the targets for the consonant. This is characterised by higher values of the
slope difference (Fig. 3.5 left). It was shown that the F2SD values were indeed lower for
spontaneous speech especially for plosives and fricatives. This indicates that in spontaneous
speech the frequencies of the second formant of consonants tend to lie between those of the
surrounding vowels while in read speech they constitute their own targets.
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Figure 3.4.: F2 slope difference to measure the extent of coarticulation in consonants [vSP99].

F2_SD = -10 - (-10) = 0

Figure 3.5.: Examples of F2 slope differences. The left example shows an accurate articulation with no coarticulation,
the right example shows a highly coarticulated consonantal segment, with the formant frequencies lying between those of
the neighbouring vowels.

Another measure for coarticulation are the F2 locus equations based on the notion of
Lindblom’s target-locus distance. The F2 locus equations describe the correlation between
the F2 value at the vowel onset and the observed vowel target. In this investigation the target is defined as the formant frequency where the most extreme values of the realisation is
achieved [vSP96]. It is therefore not to be confused with the target definition by Lindblom
[Lin63]. While vowel onset and target will be strongly correlated in all situations it is assumed that the variance will be higher in spontaneous speech. However, the results showed
that the overall differences in correlation between spontaneous and read speech were small
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and not consistent. An analysis of the influence of duration on this measure was not carried
out.
A spectrum-based measure proved to be a better indicator of consonant reduction. The
centre of gravity (COG) of the power spectrum is strongly correlated with perceived syllable
stress [SVH96]. It is the average frequency weighted by the acoustic power:




    

(3.2)

Energy

where  is the centre frequency in Hz of the i-th frequency channel and  the spectral
power as a function of the frequency (cf. Fig. 3.6). The COG is a good indicator of the
steepness of the spectral tilt which is closely correlated with vocal effort. According to Van
Son the spectral slope is determined by the steepness of the glottal flow velocity change at
the closure of the vocal folds. Thus, the steeper the harmonic source spectrum produced by
the glottis, the steeper the filtered spectrum at the end of the vocal tract will be. A lower
COG indicates a steeper spectrum and is therefore interpreted to be caused by less effort and
consequently expected to indicate reduction. This was indeed what the results showed: the
mean COG of the different consonants were all lower in spontaneous speech as compared to
those of read speech.

COG COG

Frequency

Figure 3.6.: Centre of gravity of the power spectrum. The black line shows the spectrum
of a reduced vowel or consonant with a steeper power-spectrum which results in a lower
COG. The red line shows a more level power-spectrum which is characteristic for clearly
articulated vowels or consonants.
Furthermore, the intervocalic sound energy difference was analysed [vSP96]. This measure was defined as the difference between energy of a consonant and the mean energy of
the surrounding vowels. It was argued that vowel reduction correlates with reduced intensity. If this reduction only affected vowels but not consonants, the differences between the
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energy levels of vowels and consonants should be diminished. However, although there was
a measurable effect on the intervocalic sound energy difference, this effect was too small to
be reliable. It was therefore assumed, that the energy of consonants is reduced by almost the
same amount as vowels in spontaneous speech.
In summary, these results show that consonants are also affected by reduction due to
changes of the speaking style and in duration. However, these effects are only measurable by
more indirect approaches. For example, the measurement of the F2 movements of the surrounding vowels can indicate consonantal reduction based on the assumption that they reflect
the articulatory movements towards the consonantal targets. Apart from such formant-based
measures the acoustic correlate of speech effort as captured by the mean spectral frequency
seems to be a good indicator of reduction. However, for a measure based on the change of
energy over time in order to measure the energy differences between vowels and consonants
no reliable results were obtained.

3.3. Perceptual Effects of Speaking Rate
As has been shown both the durational and the spectral characteristics of the speech signal are
heavily affected by changes in the articulation rate. This raises the question as to how human
listeners compensate for these effects. In this section some evidences for the existence of
such a compensation mechanism will be briefly presented. These pieces of evidence support
different kinds of theories about the underlying mechanisms of perception. There are mainly
two opposing theories concerned with how timing information is incorporated during the
decoding of the speech signal. Intrinsic timing theories assume that there exist features that
are independent of speaking rate. Evidence for such features are effects found to occur in
durational normalisation. In contrast, extrinsic timing theories are based on the assumption,
that before spectral normalisation takes place a rate detection is applied which indicates how
the spectral normalisation has to be carried out. These theories are based on the observation
that human listeners are very good at normalising for spectral degradations due to speaking
rate variations. In [WMV94] an integration of both theories is suggested by the assumption
that intrinsic timing occurs at syllable level while extrinsic timing mechanisms are applied
at a more global level because it requires a rather long term rate detection.

3.3.1.

Durational Normalisation

Since many phonemic contrasts are based on durational differences, e.g. different voice onset
times for voiced and voiceless plosives, this leads to the question how listeners normalise for
articulation rate changes in conversational speech. Perceptual experiments show that listeners
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process durational cues in a rate-dependent manner.
For example, one important distinguishing characteristic of the syllable-initial bilabial
consonants [b] and [w] is the abruptness of the consonantal onset which is reflected in the
initial formant transitions. Syllables with short initial transitions are perceived as beginning
with a stop consonant whereas those with longer transitions are perceived as beginning with a
semi-vowel. In [ML79] synthesised stimuli with different durations of the formant transitions
were presented to listeners who had to decide whether they heard a [b] or a [w]. Apart from
the transition phase the overall duration of the syllable was varied, too. The classification
results of the listeners show that with an increasing duration of the syllable a longer transition
phase is required to perceive [wa] as opposed to [ba].
Similar results were obtained for the discrimination of the syllable-initial bilabial plosives
[b] and [p] [PD82]. One relevant acoustical cue for the discrimination of voiced and
voiceless plosives is the voice onset time (VOT). The VOT measures the time between the
release of the closure and the beginning of the voicing for the following vowel. The VOT for
voiced obstruents was found to be shorter than for voiceless ones. It was shown that the ratios
of the VOT of voiced plosives to syllable duration are lower than those of voiceless plosives
across different speech rates. These ratios proved to be relatively constant for each, voiceless
and voiced consonants, over different speech rates. The authors therefore conclude that such
VOT-syllable duration ratios are consonant specific constants which are independent of the
articulation rate.

3.3.2.

Spectral Normalisation

The rather severe effects of spectral reduction on the spectral characteristics of both vowels and consonants lead to the question if and how listeners normalise for these acoustic
variations.
Although listeners are able to correctly identify reduced vowels in fast speech they cannot do so without the surrounding context which carries further rate information [VSSE76].
When a syllable containing a tense vowel is taken from a fast speech sample and presented
in isolation, the vowel is likely to be identified as the lax version of the vowel although the
vowel token is perceived as tense when surrounded by fast speech. The perception of a lax
vowel is even stronger when the fast syllable is presented in a slow carrier sentence. This
indicates that listeners use rate information when judging vowel quality. However, when a
syllable from slow speech is presented in a fast carrier sentence the recognition performance
does not decrease [VS77]. Slow syllables tend to be correctly identified regardless of their
surrounding context. This is explained with the assumption that a slow syllable contains
enough information about its speech rate and can therefore not be perceived as fast. These
results suggest that human perception involves several mechanisms to compensate for vowel
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and consonant reduction in conversational speech. They are examples for extrinsic timing
theories because they suggest that the articulation rate has to be known in order to correctly
identify a vowel as lax or tense.

3.4. Summary
In this chapter it has been shown that there exist a variety of effects that speech rate variation
has on the acoustic-phonetic properties of speech. Analyses of the temporal properties of
phonetic segments in spontaneous speech show that variation of the overall speech rate is
reflected in both the number and length of pauses that are inserted between words and the
articulation rate, which denotes the number of units uttered per second. Although closely
correlated to the articulation rate, the articulation speed denotes a further variable in speech
rate variations. Thus, a fast speech rate is achieved by making less and shorter pauses but
also by shortening the phones’ durations. This does not necessarily mean that the articulators
have to move faster. A compensation of less time available for a certain number of speech
segments can be achieved by a less accurate articulation where the target positions, and
therefore the target frequencies of the formants, are not reached.
Even more importantly, these temporal changes, which co-occur with speech rate variations, cause severe spectral degradations known as reduction. Reduction is generally described as a shift of the vowel formant frequencies towards the vowel space centre. It is also
commonly agreed upon that reduction is caused by increased coarticulation in fast speech,
which means that the formant frequencies are shifted towards those of the phonetic context.
However, in the literature no attempt has been reported to measure the relative contribution
of both effects, centralisation and coarticulation, on reduction.
Although reduction is strongly correlated with segment duration and articulation rate,
there exist several different factors which can cause spectral degradations as well, such as
the lack of stress, semantic content or certain emotional states of the speaker. On the other
hand, a faster articulation rate is not necessarily accompanied by reduction. If the speaker is
aiming at a clear speaking style he or she can compensate for the shorter segment duration
by faster movements of the articulators. This is acoustically reflected in steeper formant
movements. Thus, there exists no one-to-one relationship between duration and reduction.
It is rather the case that both measures together, duration and the amount of reduction, are
good predictors of the actual acoustic realisations.
Apart from acoustic reduction of vowels there exists evidence for the acoustic reduction
of consonants, too. Since formants are not a suitable measure for consonants, the measurement of consonantal reduction is based on different features. One of the most effective measures of consonantal reduction is based on the effects of speech effort. Variations of speech
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effort are reflected in the tilt of the power spectrum. However, by a more indirect approach
where the formant movements of the surrounding vowels are taken into account, even a formant based measure is able to indicate consonant reduction.
In summary, speech rate variation has been shown to affect not only durational but also
spectral features of the speech signal. These effects are heavily correlated with duration
but also with different other factors. Apart from vowel reduction, spectral degradations can
be observed and measured with different measures in consonants, too. While these results
strongly suggest a systematic relationship between speech rate variation and diverse acoustic
correlates, the following chapter will show that these systematic relationships are generally
not taken into account in the modelling of speech rate variation in automatic speech recognition.
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4. Speech Rate Modelling in Automatic
Speech Recognition
In automatic speech recognition the severe performance degradations caused by speech rate
variations have motivated many attempts to model speech rate. They can be divided into
modelling strategies on the symbolic level and those focusing on the acoustic level. Since
a fast speech rate tends to cause deletions and coarticulatory effects that can be captured
on the symbolic level, some approaches focus on an explicit modelling strategy by using
different variants of pronunciation. In contrast, acoustic changes that cannot be captured on
the symbolic level, such as reduction and coarticulation, are modelled by directly adapting
the acoustic models to the different speech rates. Since this work concentrates on the acoustic
effects of reduction and coarticulation a focus will be laid on the latter approaches.
All modelling schemes that focus on modelling the spectral effects of rate variation make
use of some kind of speech rate estimation upon which the training of rate dependent models
or the choice of rate adaptation schemes for recognition are based. In the literature a variety
of speech rate measures can be found of which the most commonly used measures will be
described in the following section. The different techniques for adapting models or features
to the measured speech rate are presented in the second section.

4.1. Speech-rate measures
In general the rate measures can be divided into two groups. The most obvious approach is
to measure rate in terms of phone or syllable rate. However, such approaches need to perform a preliminary segmentation of the test utterance. Since for this first recognition pass
no rate specific models are available the segmentation is performed by the rate independent
models. Therefore, such measures are error prone. Attempts have been made to overcome
these shortcomings of a preliminary segmentation with the definition of several peak counting measures which are based directly on the signal and do not need a prior segmentation
pass. Other approaches avoid the segmentation problem by measuring rather the effects of
speech rate variation than rate itself. Several kinds of rate measures are based on the spectral
or acoustic features. Such measures rely on the observation that speech rate not only affects
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the time domain of the speech signal but also the spectral characteristics.
In this section an overview of some rate measures will be given. A start will be made
with measures of rate in terms of phone and syllable rate. Finally, some less usual measures
based on the changes in the spectral characteristics will be presented.
Phone rate. A common measure for the estimation of speech rate is the phone rate, which
is defined as the number of phones per second. Since the intrinsic duration can vary widely
between the different phones of a language, some approaches perform a normalisation by
dividing the observed phone duration by the average duration of this phone [RHAH99]. This
procedure implies, that the utterance has to be recognised completely before rate dependent
recognition can be performed. Furthermore, it is vitally important to have a good accuracy of
the phone identification, since a normalisation by the wrong factor can have severe effects on
the rate estimation and therefore on the further processing. Therefore, most approaches make
use of an unnormalised phone rate by detecting phone boundaries and counting the segments
without assigning the phone identity [MTÁ98] [MFM95] [VM96]. These approaches yield
classification accuracies of 70% to 80% in [MTÁ98] and of 73% in [MFM95]. It was also
reported that the classification was best for diphthongs and glides and most difficult for
voiceless consonants [MFM95]. The best classification result was achieved for speech with
an average rate, while fast speech was most difficult to classify.
Enrate. A more sophisticated measure which does not require a preliminary segmentation
of the test utterance is the energy rate, or enrate, which is assumed to be closely correlated
with the syllable rate [MFM97]. It is basically the spectral moment of the speech signal
low-pass filtered at 16 Hz. In other words the enrate denotes the weighted mean frequency
of the energy envelope variations over a time window of one or two seconds. These energy
variations roughly coincide with the syllable nuclei. Their frequency is therefore assumed to
represent the syllable rate. It has been shown that the enrate is only moderately correlated
with the syllable rate but is a good predictor for increased recognition errors which makes it
well suited for speech rate adaptation in speech recognition. An enhancement of this measure
is achieved by the addition of two peak counting measures [MFL98]. The first one is a count
of the energy peaks from the whole frequency range of the spectrum while the second one
is based on the counting of energy peaks in the different frequency sub-bands. High energy
peaks in all frequency bands lead to a high value and indicate the existence of a vowel.
The count of these peaks should therefore be strongly correlated to the syllable rate. The
enhanced measure, the mrate, is defined as the average value of the enrate and both peak
counting measures. It shows a correlation of .67 with the syllable rate. A classifier based on
the mrate was reported to achieve an accuracy of 58% in a decision task where the utterance
had to be classified as fast, average or slow. This measure has the advantage of avoiding a
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preliminary segmentation of the test utterance. It is furthermore based on the syllable rate
which represents a larger phonetic unit than the phone rate.

Modified Loudness. Another approach to estimating the syllable rate is taken in [PR98],
where the rate estimation is based on the observation that the energy of vowels is distributed
mainly in the lower frequency bands while consonants exhibit more energy in the higher frequencies. Thus, a high positive difference between the energy in the low and high frequency
bands indicates vowels or syllable nuclei. The modified loudness is defined as the difference
of the energy in the low and high frequency bands [WR89]. The peaks of this difference
therefore denote vowels or syllable nuclei, so that a peak counting of the modified loudness
is supposed to be correlated with the syllable rate. It has been shown that this measure has a
correlation of .79 with the syllable rate as derived from a manual segmentation of the speech
signal on the Verbmobil Corpus [KLP 94]. Therefore, the peak counts of the modified loudness seem to be a good predictor of the speech rate. Along with the other estimates of the
syllable or phone rate this measure does not take into account whether deletions which are
likely to appear in fast speech have taken place. It only measures the rate at which syllables
actually occur. Since these measures are generally only applied on parts of speech without
silences they are in fact estimates of the articulation rate.

Dynamic features. Apart from measures of the rate of certain phonetic units the speech
rate can also be estimated by the effects that rate variations have on the acoustic features of
the speech signal. In [MTÁ98] it has been shown that it is possible to classify speech as fast
or slow by training a classifier with the speech samples, that were previously rated as fast,
average or slow by a phone rate measure. Experiments showed, that the dynamic cepstral
features are most affected by speech rate variations while the static MFCCs did not show a
systematic effect1 . Therefore, only the dynamic features were used to train the classifier. By
this procedure the classification of utterances as slow, average or fast yielded an accuracy
of about 80% for slow speech and 70% for fast speech. The classification was counted as
correct when it was classified into the same class as by a phone rate measure. Thus, more
than two thirds of the utterances can be correctly classified into phone rate classes solely by
their dynamic features.
1

However, it should be noted that these results were obtained on a corpus specially designed for rate analyses.
It consists of utterances which were meant to be either fast, normal or slow. It is possible that this data
gathering method evoked a clear speaking style where no undershoot occurs due to faster movements of the
articulators. As pointed out in the previous chapter, this affects especially the dynamic features at least in
terms of formant movements.
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Distance between successive feature vectors. A similar approach is taken in
[TY99] where another feature based rate measure is proposed. The underlying assumption is
that fast speech rate is accompanied by a fast change of the feature vectors. In the experiment
the dependency of neighbouring vectors is measured by computing the Euclidean distance
between successive frames in the feature space. The feature vectors are composed of static
features plus the first and second order derivatives and an overall energy component. Thus,
successive feature vectors are supposed to be less dependent in fast speech as compared to
slow speech. A comparison with the normalised phone duration revealed that both measures
were linearly correlated: the shorter the phone duration is, the higher are the Euclidean distances between the feature vectors. However, a classifier based on this distance was only
able to classify 57% of the frames or 60% of the phones correctly as fast or slow which
is only little above chance level. By separating the training data according to the distance
measure instead of the phone duration the classification was reported to be significantly enhanced. However, results were only reported for one diphthong. These results indicate, that
while speech rate and acoustic degradations are closely related, a direct measurement of the
acoustic effects yields a better classification of slow and fast speech when the classification
is based on the acoustic features.
It is interesting to note that a seemingly opposed prediction of the correlation of successive feature vectors did also hold true in another investigation. In [KB99] it was argued that
in fast speech the amount of coarticulation increases which should be reflected in the predictability of the information conveyed by neighbouring feature vectors. In order to measure
the amount of coarticulation, the mutual information of adjacent feature vectors consisting
of static and dynamic MFCCs was computed in different speech conditions such as fast and
slow . The mutual information is an information theoretical measure that gives an indication
of the extent to how predictable a signal Y is, given knowledge of a signal X. The higher the
mutual information between two signals is, the better predictable they are from each other.
In accordance with this assumption, it was shown that the mutual information of neighbouring speech frames is higher in fast speech which indicates that the feature vectors are more
predictable and therefore more correlated in fast speech.
Given these seemingly opposed results the question arises whether they are due to different corpora. It might be that the first corpus did not show an increased coarticulation with a
higher speech rate while the second corpus did. This would explain the different results since
the first measure aims at capturing the speech rate while the conditional mutual information
measures coarticulation. However, it is more likely that the two results are not as opposed as
they appear, since the Euclidean distance is not necessarily related with the predictability of
two vectors. Thus, while in fast speech the feature vectors are further away from each other
in the feature space, they still convey more information about the next one. This is because
both measures focus on different aspects of articulation. The distance of the features repre-
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sents the articulator speed. The faster the articulation is, the faster will the movement of the
features in the feature space be. On the other hand the mutual information is a measure for
coarticulation which is not identical with the rate of articulation. A higher extent of coarticulation means that some articulatory and acoustic features remain over a longer stretch of
speech than the phone for which they are characteristic. This indicates that speech rate and
coarticulation have different effects on the acoustic features of the speech signal.
This shows that the definition of the phenomenon that is intended to be captured is crucial. A change in the definition leads to severe performance losses. Thus, either the phone
rate is the base for the rate measurement, then the measure should rely directly on the duration of the phones. Or the articulator speed is measured by the distance of the feature vectors.
In this case, a different phenomenon is taken into account, since phone rate and articulator
speed are two different measures.
Applicational aspects of rate estimation. In most of the experiments presented in
the literature the speech rate was computed as a mean over the whole utterance [MFM95]
[VM96] [MTÁ98]. This assumes that speech rate is a speaker specific variable which remains
relatively stable over an utterance. However, this assumption can be problematic since the
local speech rate variation is significant especially in spontaneous speech. A running estimate
of the speech rate therefore provides a more detailed representation of the rate variation.
However, for running rate estimations the window length can cause severe problems for
the first and last frames of an utterance. For example, for the enrate a low-pass filtering of
16 Hz is performed by applying a time window of around one second in order to capture
frequencies of down to 4 or 5 Hz which represent very slow syllable rates [MFM97]. While
rate changes in the middle of the sentence can be captured well with these measures, variations at the beginning and end of a sentence remain unnoticed because of the lack of context.
The values for these frames are generally interpolated by the first and last available rate estimates of the utterance. Thus, while it would be desirable to perform a running estimate of
the speech rate in order to capture local variations, this approach is generally not followed
for practical reasons.

4.2. Compensation Techniques
There are two ways in which adaptation can be performed. The most common approach
consists in changing the model parameters according to the speech rate. For example, if a rate
estimation prior to decoding detects a fast speech rate, the model parameter can be adjusted
in order to model the acoustic effects. A very rarely applied method is the modification of
the observed feature vector according to the speech rate. In this case the features have to be
51

4. Speech Rate Modelling in Automatic Speech Recognition
modified in order to fit the trained models better.

4.2.1.

Model Adaptation

Approaches to rate modelling generally rely on the principle of rate-dependent models . A
speech rate estimation is performed on the training set which is then divided into three or
four subsets which represent the different rate classes. These subsets are used to either train
completely independent sets of parameters or to adapt general models to specific speech
rates. Similarly, recognition is performed in two phases. First, a rate estimation is performed
on the speech signal. This can already be a time critical factor, since some approaches need
to analyse the whole utterance in order to determine a mean rate over the entire utterance.
Upon the completion of the rate estimation the appropriate parameter set which has been
trained with data of the same speech rate is chosen. Only then is decoding initiated with
speech rate dependent models. However, there exist a variety of different model parameters
which are affected by speech rate variation and are therefore subject to modification. In some
approaches, all parameters of the whole acoustic model are adapted, while other approaches
focus on the features affected most.

general
models
Figure 4.1.: Training of general models
with the whole training data available.

fast
models

avg.
models

slow
models

Figure 4.2.: Training of rate dependent
models.

As shown in Figure 4.2, the approach of rate-dependent models relies on a few discrete
rate classes only. This makes it possible to train different sets of parameters without having to explicitly extract the transformation that the features undergo with a change of the
speech rate. Almost all adaptation schemes reported in the literature make use of discrete
rate classes. However, as can also be seen from Figure 4.1 and 4.2 the separation of the
training material severely reduces the available training data to a fraction of the original
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amount. The more rate classes are trained, the less training data will be available for the rate
dependent models. Therefore, some approaches focus on handling sparse data problems.
The estimation of speech rate in the decoding phase is another crucial factor in speech
rate modelling. As can be seen in Figure 4.3 the rate estimation determines which model
is chosen for decoding. If this estimation is error-prone, the wrong models are likely to be
selected which can degrade the performance severely. The more rate classes are trained, the
more difficult it will become to choose the correct rate class. However, generally not more
than two or three rate classes are used, because of the dramatic decrease in the amount of
training data.
In the following section some approaches will briefly be reviewed where different parameters are adapted to speech rate variations.

Speech-Rate
Estimation

slow model
OR

avg. model
OR

fast model

Figure 4.3.: Decoding with rate dependent models. First, a rate estimation is carried out on
the test utterance upon which the corresponding model for decoding is chosen. The decoding
is then performed with the selected model.

Acoustic models. The adaptation of the entire acoustic models is the most intuitive
approach. It affects both, the duration modelling by means of the transition probabilities and
the modelling of the spectral characteristics, which are captured by the output probabilities.
It can be argued that simple variation in the duration of the segments — provided that the
segments are not deleted and still exhibit a sufficiently large duration in order to traverse all
states of the model — are captured by the transition probabilities. In contrast, effects on the
spectral characteristics of the speech signal, such as reduction, are modelled by the output
probabilities.
This approach was followed in experiments reported in [MTÁ98], where three different
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sets of rate dependent models were trained. The experiments were carried out on a speech
corpus that was created explicitly for the analysis of speech rate variation and consists of
three different speech rates for each speaker. These rate-dependent models were used for
the decoding and chosen according to an ideal speech rate estimation. In [MT Á98] relative
reductions of up to 64% of the word error rate are reported for slow speech and 19% for
fast speech. In total a word error rate reduction of 32% was achieved on the whole corpus.
Thus, it is slow speech that profits most from rate adaptation although it exhibits rather
homogeneous acoustic characteristic. In contrast, fast speech which is severely degraded
profits significantly less from rate modelling. Because of the degradations of fast speech one
might have expected another result, namely a larger word error rate reduction for fast speech
as compared to slow speech.
However, if the models for decoding are chosen according to a rate classifier, the beneficial influence of rate modelling is completely annulled to a relative reduction of the word
error rate of 2.2% for slow speech and increases the word error rate for fast speech by 8.8%.
The high reduction rates that are obtained with an optimal classification of the utterances
as fast, average or slow might be due to the fact that the speech corpus was created explicitly for the analysis of speech rate variation. It can be assumed that this corpus exhibits an
unnaturally high amount of global speech rate variation with only low local variations. Nevertheless, these results indicate that it is far more difficult to adapt to fast speech than to slow
speech.
A more detailed approach was followed in [ZFW 00] and [ZFS00] where the speech
rate was computed on words. For each frequently occurring word in the training data two
or three versions were trained depending on their relative duration. With this procedure rate
dependent phone models were trained. During decoding fast and slow word models were
competing against each other so that local speech rate variations could be captured. This approach was able to achieve a significant reduction of the word error rate on a large corpus of
spontaneous speech. But compared to the results reported in [MT Á98] the relative reduction
of the word error rate of 1.7% the improvement appears small. However, this might be due
to the different corpora. As has already been pointed out, the large improvements reported
in [MTÁ98] may be due to the recording situation which might have induced rather artificial
speaking styles with the different speech rates where a clear speaking style was chosen and
only few local variations of the speech rate occurred.
Additional modelling of pronunciation variants enhanced the relative performance by
another 0.3% yielding a total of 2.0% relative word error rate reduction. The modelling of
pronunciation variations alone achieved a word error rate reduction of 0.4% which indicates
that a modelling on the acoustic and symbolic level is additive but that acoustic modelling
has a stronger beneficial effect on the performance than symbolic modelling.
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Since fast speech causes a high loss in recognition accuracy, in [MFM95] an adaptation
to exclusively fast speech was performed. The adaptation was performed with only 5% of the
fastest sentences in order to capture the most characteristic changes in the acoustic properties
of the speech signal. On fast speech this adaptation yields a decrease of the word error rate of
about 14%. However, on the remaining slow utterances this leads to an increase of the word
error rate by about 10%.
To sum up, the beneficial effect on the performance of models adapted to fast speech
seems to be limited to a relative word error rate reduction of under 15%.
Transition probabilities. Since the adaptation of the whole model requires a sufficiently
large adaptation corpus, many experiments perform the adaptation on a subset of the parameters. Duration as one of the most obviously affected parameters has received most of the
attention. For example, manually designed higher exit probabilities for fast speech result in
a reduction of 15% of the word error rate [MFM95]. In [VM96] the adaptation of the durational parameters of an MLP yields a word error rate reduction of 5.7% which is slightly better than the adaptation of the transition and observation probabilities in the same experiment.
The same effect is reported in [MFM97], where the adaptation of the transition probabilities
proved to be better than the modification of the output probabilities. A data driven adaptation
of the transition probabilities was reported to reduce the word error rate of slow speech by
13.9% but only by 5.9% for fast speech [MTÁL97].
These experiments suggest, that duration modelling provides a larger reduction of the
word error rate than an adaptation of the spectral parameters. However, if the relative error
reduction is compared to that achieved by the adaptation of the whole model, this suggestion becomes questionable. While the reduction rates lie around 10% for the adaptation of
the durational parameters, the re-training of the whole models achieved error rate reductions
of over 20%. From a theoretical point of view the adaptation of the whole acoustic model
has a greater beneficial potential than the adaptation of some single parameters only. Since
especially the acoustic characteristics of the vowels and consonants are affected by speech
rate variations, a modelling of these parameters should provide the greatest beneficial effect.
While durational effects can also be severe, they can be captured also by a different strategy where the topology of the whole HMM is restructured. However, there exist only few
approaches in this direction.
HMM topology. Closely related to these approaches is the modification of the HMM
topology. In order to make use of a continuous rate measure in [TY99] it is suggested to
augment HMMs by additional rate dependent output distributions which are attached to the
state transitions. Although this would allow the use of a continuous rate measure, in this
approach each triphone model consists of two parallel state sequences, one for fast and one
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for slow speech. These sequences only differ in their transition probabilities while the states’
output probabilities are shared. This topology is chosen in order to prevent a change of the
speech rate during the transition of a phoneme. Since no experiments were carried out within
this scenario it remains to be shown, whether this approach is superior to the discrete rate
modelling approaches.

Scoring Scheme. In [MTÁL97] it is argued that the reliability of the acoustic models
decreases with increasing speech rate. From this observation a new approach was derived
where the weight of the language model and the word penalty were adapted to the speech
rate. This was achieved by setting the weights for three different speech rates. This approach
reduced the word error rate by about 15% on slow speech but only by about 1% on fast
speech. This approach fits nicely with findings reported in Chapter 3 which showed that the
more predictable a word is the less accurate it is articulated and vice versa [Ayl00].

Number of parameters. One of the crucial problems of rate modelling by the training
of rate dependent models is the problem of sparse data. In [FPR99] an optimised clustering
algorithm is presented in order to address this problem. This algorithm aims at optimising
the number of distributions per model by means of a small cross-validation set. The optimal
number of prototypes is affected by two restrictions. On the one hand, the more Gaussian
densities are estimated, the better the data is modelled. On the other hand, if too many densities are used to model the available data, no generalising power will be left. Thus, by slowly
increasing the number of Gaussian densities for fast speech models while evaluating their
performance on a cross- evaluation set, an optimal number of Gaussians was achieved. It
was observed that vowels receive significantly more Gaussians than consonants with a general decrease of 30% of the entire model size. However, the overall word error rate was only
reduced by a relative amount of 3%.

4.2.2.

Feature Adaptation

Instead of altering the models, feature adaptation approaches focus on modifying the observed feature vectors in order to better fit the model. The adaptation, which can be performed during both training and recognition, is generally a manually designed rather than a
data-driven function.
Like in the model adaptation schemes, first of all a speech rate estimation is performed for
each utterance. In a continuous adaptation scheme this value is taken into account as a factor
in the following feature modification. Discrete adaptation schemes, i.e. the classification of
the rate into discrete rate classes, have not been reported in the literature on feature adapta56
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tion. However, only few experiments based on a feature adaptation approach are reported in
the literature.
An approach that was able to significantly reduce the error rate on fast speech by modifying the features is reported in [RHAH99]. The fundamental idea of this approach is to adjust
the observed length of a phone to its mean duration. This is achieved by a cepstrum length
normalisation which is based on a continuous rate measure that estimates the duration of
each phone. In order to derive a phone specific normalisation factor, a preliminary recognition pass is required. For each phone the factor for the mean phone duration is computed. In
accordance with this factor the phone length is normalised by inserting new feature vectors
either by uniformly copying each frame, or by interpolating a new vector by its neighbouring
frames. This procedure is performed for each phone with a shorter duration than the average.
The intention of this approach is, first, to overcome the problem that short phone realisations
are too short to pass through all states of a phone model. Secondly, it is assumed that the dynamics of consecutive vectors are smoothed out by the interpolation of new speech frames.
This approach yields an error reduction of about 16.5% for fast speech, when the stretching
factor is computed as a mean over the whole utterance. A phone-by-phone stretching yields
no achievement because the preliminary segmentation and phone recognition for the computation of the stretching factor are too error-prone. These errors are smoothed out by an
averaging of all factors over the whole utterance.
While this approach focuses on the modelling of duration, it also affects the spectral
characteristics of speech. By inserting new speech frames the dynamics are smoothed out
and the trajectories of the feature vectors over time become less steep.
Since this approach is very sensitive to errors of the preliminary segmentation of the test
utterance, which especially occur in spontaneous speech, in [Pfa00] a variant is introduced
which makes use of a signal based speech rate estimation where no prior segmentation is
needed. In this approach the normalisation factor is based on the mean speech rate measured
over a so called spurt. Spurts are parts of the utterance where no silence occurs. The measured
speech rate of the spurt is then divided by the mean speech rate of the whole training corpus
giving an estimate of the relative speech rate. By this approach, errors due to misrecognized
phones are avoided. Instead, a smoother scaling of the frame rate is achieved. However, this
smoothing increased the performance of the recogniser only little.

4.3. Summary
The survey of the literature on speech rate modelling reveals that most of the approaches
follow a similar strategy by separating the training material into discrete rate classes which
are then used for the training of rate dependent parameters. During decoding a rate estima57
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tion is applied according to which the corresponding parameter sets are chosen. In these
approaches the measurement of the rate plays an important role because a wrong estimate
causes an inappropriate parameter set to be applied which can lead to higher error rates.
In general the rate is measured as a mean over a whole utterance. It is assumed that
the rate does not change too much if the utterance is short enough. However, for corpora
consisting of longer utterances shorter stretches of speech are isolated which are bordered by
silences. Thus, during decoding only one set of parameters is applied so that no variation of
the rate class is allowed in an utterance. Only few approaches allow a change of the models
after each word. However, these approaches only yield minor performance increases.
For the classification of an utterance or a shorter stretch of speech as fast or slow generally
duration based rate measures which reflect the syllable or phone rate are applied. Only few
modelling schemes make use of the acoustic characteristics of the speech signal in order to
determine the rate of speech.
The results of all approaches show a similar picture. The highest gain is achieved for
slow speech while only little improvements can be observed for fast speech. However, there
seem to exist large differences between the corpora as to how much improvements can be
achieved. On smaller corpora of read speech generally higher improvements are achieved
while the modelling on spontaneous speech corpora only yields minor improvements. This
indicates that the approaches are only successful on special corpora.
To sum up, approaches for the modelling of speech rate variations generally consist of
an elaborate training or adaptation phase where the models are adapted to a certain speech
rate. However, the improvements reported in the literature indicate that the systems are only
isolated solutions for a special corpus since the gains for more natural speech remains significantly smaller.
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The current approaches to speech rate modelling in speech recognition do not represent satisfying solutions. They tend to provide only minor increases of the performance while requiring sophisticated techniques in both training and decoding. A more substantial system
is needed, which provides an effective model of speech rate variation that is valid for different speech corpora and imposes only minor efforts on the training and decoding phase.
While the creation of such a system lies beyond the scope of this work, fundamental guidelines will be derived by the realisation and evaluation of several rate modelling schemes in
this work. This is done by combining acoustic-phonetic methods with techniques from automatic speech recognition. In order to model the underlying effects of speech rate variations
explicit knowledge about their nature has to be derived from the speech corpora and combined with data-driven approaches which are appropriate for the probabilistic approaches
used in automatic speech recognition. Thus, before a more effective rate modelling scheme
can be built a reliable base providing the required information has to be created. The aim of
this work is to provide such a fundamental and general base for speech rate modelling.
In the previous chapters the influence of speech rate variation on the acoustic properties
of speech and their effects in speech recognition have been discussed. However, while there
exist many approaches to model rate variation in speech recognition, no attempt has yet been
made to systematically compare the effects occurring in speech recognition with the findings
of acoustic-phonetic analyses.
A common approach to deal with rate variations in automatic speech recognition is a
classification of the speech data into discrete rate classes. With the data of these classes an
adaptation of the model parameters is carried out. However, this means that there exists a
parameter set for each rate of speech which is independent of the parameters of the other
rate classes. This leads to sparse data problems. Therefore, it would be desirable to make use
of the information from the other rate classes or from a systematic relationship between the
speech rate and the acoustic features.
Results from acoustic-phonetic analyses show that the acoustic characteristics of speech
undergo a systematic transformation from slow to fast speech. Generally, this transformation
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is an acoustic reduction of the formant frequencies. This means that the phones become less
distinctive in fast speech. But it has also been shown that acoustic reduction is not uniquely
related to fast speech. Fast speech does not necessarily induce acoustic reduction. It is possible to avoid reduction by speeding up articulation in order to reach the articulatory and
acoustic targets. This speeding up of articulation is reflected in the dynamic characteristics
of the speech signal. Reduction can also be caused by other factors such as the lack of linguistic stress or the emotional state of the speaker.
This indicates that there are at least two dimensions at which a change of the speech
rate affects the acoustic characteristics of speech. First, there are effects in the temporal
dimension of the signal. This implies that less time is available for the pronunciation of
a phone or a word. Secondly, the spectral dimension is affected either by reduction or by
faster formant movements. Thus, in order to capture the effects of speech rate variation it is
necessary to apply different measurements: one for the durational domain and at least one
which reflects effects in the spectral characteristics.
In order to investigate these aspects, both analyses of the acoustic properties of a speech
corpus as well as recognition experiments are carried out. In the literature different effects
of rate variation can be found in different kinds of speaking styles. Therefore, it is necessary
to carry out an acoustic-phonetic analysis on the speech corpus which is used for the speech
recognition experiments.

5.1. Acoustic Analysis
The purpose of the acoustic analyses is twofold. Firstly, they aim at determining the extent
to which reduction or dynamic changes occur and what kind of speaking style is dominating.
Secondly, it is investigated which kind of measure describe these effects best. In detail, the
following questions are addressed.
1. What speaking style is used by the speakers of the corpus? If a rather informal speaking
style is dominating a tendency to reduction especially in fast speech will be observed.
On the other hand in a clear speaking style the shorter duration of the segments in fast
speech will be compensated by faster movements of the articulators which are reflected
in steeper formant tracks. Therefore, measurements of both the static and the dynamic
spectral features are taken.
2. Along with this investigation it is analysed which kind of measure is able to capture
the expected effects of speech rate variation. This is done by measuring the extent of
centralisation and coarticulation.
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3. Finally, the proportion of coarticulation as compared to centralisation is measured in
order to determine in detail the nature of the shift that the formant frequencies of the
vowels undergo from slow to fast speech.
Thus, the acoustic analysis not only aims at revealing the changes of the spectral properties in the signal of fast and slow speech. It also provides measures that can be used for the
modelling of speech rate in speech recognition experiments.

5.2. Speech Recognition Experiments
From the results of the speech recognition experiments reported in Chapter 4 and from the
insights into the systematic changes of the acoustic features some new questions arise for the
modelling of speech rate variation in speech recognition.
1. Does rate modelling based on a reduction measure perform better than a duration based
modelling? In general duration or syllable rates are used to capture variations of the
speech rate. This measure only focuses on the temporal domain and is not a reliable
indicator of the spectral characteristics of the signal. Thus, it is analysed whether the
introduction of a further measure which also considers the spectral effects such as
reduction and coarticulation is beneficial in the modelling of rate variation.
2. How accurately can the speech rate be modelled? In the presented approaches the
rate has generally been classified into two or three classes. Given the large range of
rate variation and the different effects it can have, this seems not enough to obtain an
optimal model of the speech rate. It is, therefore, an interesting question whether a
continuous modelling of the speech rate is possible.
3. Furthermore, the question arises how to determine the speech rate on the test set in
order to apply the corresponding models for decoding. In the presented approaches the
different parameter sets are generally chosen according to a preliminary rate estimation. However, since there are complex interactions of duration and spectral effects, a
more data-driven choice of parameters during decoding is investigated.
4. Is it possible to find an optimal separation of the training data? As the applied measure
for the division of the utterances into different rate classes is not an optimal predictor
of the acoustic phenomena, a better performance should be achieved by a data-driven
approach where the training data is separated according to the classification of the
rate-dependent models.
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5. How strong is the effect of rate variation as compared to other sources of variation
such as speaker variation or environmental noise? One might argue that the differences between speakers are higher than the differences caused by speech rate variation.
However, since the effects of rate variation are so highly systematic in their nature it
is assumed that the modelling of different speech rates yields a higher generalisation
power than the modelling of speakers.
These questions are addressed by systematically investigating the relevant aspects of ratedependent models. Although rate-dependent models suffer from fundamental shortcomings,
such as a classification of rate in discrete rate classes and the lack of the use of the systematics
in the change from slow to fast speech they still are a convenient method for detailed analyses
of speech rate modelling, since they are able to model both parameters of the temporal and
the spectral domain.
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Before speech recognition experiments are carried out, analyses of the acoustic properties
of vowels in the speech signal are performed in order to better understand what kinds of
acoustic variations co-occur with speech rate variation in the corpora at hand.
The analyses are carried out on a large corpus consisting of spontaneous speech gathered
from task oriented dialogues which are described in more detail in the next section 1 . Since
most of the investigations discussed aboved were carried out on small corpora generally
consisting of read speech the current analysis aims at replicating the results on a larger and
more natural corpus. In order to do this it was necessary to make use of automatic labelling
and segmentation tools. This means also that the measurements of the acoustic features were
performed automatically. This approach allows the effects of rate variations to be investigated
on a larger data base. Since in the investigations presented above no quantification of the
influence of centralisation and coarticulation are made, this study also aims at comparing
these two effects.

6.1. Corpus
The current investigation is based on a large corpus of spontaneous speech recorded in the
Verbmobil project [KLP 94]. It consists of dialogues with two participants negotiating one
or more appointments. Although the scenario is an artificial one set up for the purpose of
speech recordings no instructions concerning the speaking style or rate were given to the
subjects. The recorded speech is clearly spontaneous (although a button had to be pushed by
the speaker to take the floor) and contains the usual features known to occur in spontaneous
speech such as hesitations, corrections and a high variability in speech rate. In summary, the
corpus consists of around 14,000 utterances from over 650 speakers from different regions
of Germany and contains 303,746 words from a lexicon of 6,258 words. The total number
of utterances covers a duration of approximately 33 hours of speech. The mean length of
an utterance is about 22 words with a mean duration of about 8.6 s. The recordings were
performed in an ordinary office environment with close-talking microphones. The speech
1

Some of the results described in this chapter have been published in [WFS00].
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signal was recorded with a sampling rate of 16 kHz.

6.2. Experiments
In order to relate the results obtained from formant analyses to the acoustic features used in
automatic speech recognition two sets of experiments were carried out. The first set consists
of an analysis of the formant frequencies as obtained from an automatic formant tracker. The
results of this investigation are therefore comparable to those reported in the literature. The
second set of experiments is based on the mel-filtered spectrum of the speech signal. These
rather unusual features for phonetic analysis are chosen because they can easily be computed
from the spectrum without the need of an elaborate formant tracking tool which can be error
prone. This constitutes a convenient basis for the definition of easy-to-compute measures of
acoustic reduction which can be used in automatic speech recognition.
Both analyses are carried out on a segmentation of the speech data achieved by a forced
alignment with a standard semi-continuous HMM speech recognition system [Fin99]. The
alignment is based on the official transcription as provided by the Verbmobil project. This
means that every token of a word is represented by the same phonotypical transcription. Since
the alignment is based on a frame-wise segmentation of the signal, segment boundaries can
only occur at those points which represent the end of a frame. With a frame rate of 10 ms the
segment boundaries in the following experiments occur only at multiples of 10 ms.
While the automatic segmentation allows the analysis of a large corpus of spontaneous
speech it exhibits on the other hand certain shortcomings concerning the precision of the
labelling and segmentation. For the segmentation a phonotypical transcription of the lexical
entries is used. This means that irrespectively of the actual pronunciation each token of a
word receives the same phonetic transcription. Therefore, problems can occur when the pronunciation of a word deviates from the phonotypical transcription. For example, the word
”Telefon” (”telephone”) is represented as [tel@’fo:n] with the word stress on the last
syllable. A regional pronunciation variation is [’tEl@fon] with the first syllable being
stressed. Thus, the segmentation which uses the phonotypical transcription will identify the
[E] as [e]. As is pointed out by Van Bergem in [vB93b], the kind of reduction which occurs in pronunciation variants such as [tEl@fon] can be interpreted as lexical reduction,
because the speaker intends to produce an [E]. In contrast, acoustic reduction is defined as a
loss of spectral quality that ”occurs in vowels that were intended to be full vowels” ([vB93b,
p. 3]). According to this, the produced vowel should be labelled as [E] and should not occur
in the statistics for the tokens of [e], where it would indicate acoustic reduction.
However, for the current investigation it is not reasonable to follow this distinction mainly
for practical reasons. First of all, the investigation is meant to analyse acoustic effects that af64
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fect the performance of automatic speech recognition systems. Since the recognition system
with which the recognition experiments are carried out does not make use of pronunciation
variants it has to deal with both, acoustic and lexical reduction on the level of acoustic modelling. This means that all variants that are produced for the word ”Telefon” receive the same
phonotypical transcription [tel@fo:n], so that all tokens of the first vowel are labelled
as [e]. The model of [e] therefore has to capture all of the acoustic variations. Thus, in
this procedure the effect that Van Bergem calls lexical reduction cannot be distinguished
from acoustic reduction. A more general reason not to follow this distinction between lexical
and acoustic reduction is the problematic notion of the word ”intended”. Since it would be
a difficult task to determine for each token which phonemes were actually intended by the
speaker, a distinction of lexical and acoustic reduction does not seem feasible in the current
investigation.
Apart from the labelling and segmentation of the speech data the measurements of the
acoustic properties of the speech signal have to be performed. The formant tracking was
performed automatically with the ESPS formant tracker2 . The formant tracker used 20th
order LPC-coefficients which were computed every 10 ms on a 16 ms window of speech.
The tracker scanned the whole frequency range for five formants from which only two were
used for further analysis. Based on the segmentation of the speech signal the following values
were computed for all vowels (cf. Fig. 6.1):
1. The duration of the phone as provided by the forced alignment
2. The average F1 and F2 over the whole weighted vowel segment
3. F1 and F2 at the first, middle and last frame of the vowel segment
4. The first derivatives of F1 and F2 at the first, middle and last frame of the segment
The average formant values were computed as a weighted mean over the whole segment
in order to emphasise the values in the middle of the segment and attenuate those of the
boundaries. With this procedure it was intended to capture the smoothed target values and
neglect the contextual influence at the boundaries. The first order derivatives of the formant
frequency values are computed as a first order regression over five frames consisting of the
intended frame and two frames on each side. They measure the steepness of the formant
track over time.
For the computation of the spectrum a similar pre-processing was performed as for the
computation of the features for the speech recognition system. This means that a mel-filter
2

The formant tracker is part of the Entropic Signal Processing System ESPS which is a commercial software
package from Entropic Research Laboratory, Inc.
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Figure 6.1.: Measurements taken for the vowel analysis at three different points of the segment.

bank was applied on the spectrum which summed the energy of certain frequency bands
according to the mel-scale (cf. p. 16). The result of the mel-filter bank is a 32-dimensional
vector which represents the energy levels of the mel-spaced centre-frequencies of the resulting channels. Thus, instead of two formants 32 values of the channels of the mel-filter
bank as presented in Chapter 2 were computed for each frame. The values for this analysis
were computed by exactly the same procedure as for the formants. For the computation of
the first order derivatives this means that for each value of the mel-spectrum the temporally
surrounding four values of the same spectral band were used.

6.3. Results
Analyses were carried out on the three most distinctive vowels [a:], [i:] and [u:]. The
segmentation produced 38,168 instances of [a:], 23,464 instances of [i:] and 7,927 instances of [u:]. This inhomogeneous distribution is an effect of the corpus which is caused
by the specific task of scheduling an appointment, which elicited a specific subset of the
lexicon. For example, the word ”Tag” (”day”) [ta:k] is an important word in this domain
as well as the discourse particle ”ja” (”well”) [ja:] which both contain an [a:]. On the
other hand there is no such highly frequent word containing an [u:]. Thus, the different
number of occurrences for the different vowels represents the specific lexical characteristics
of the corpus rather than a general tendency in the German language.
For the following analyses the samples of each vowel are divided independently into four
duration classes so that each of the classes contains approximately 25% of the data of each
vowel. A summary of the mean durations of the four duration classes per vowel is given in
Table 6.1.
The mean class durations show that there is a consistent and considerable range with the
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Dur. class

[a:]

[i:]

[u:]

long
225 ms 205 ms 216 ms
med. long 117 ms 102 ms 114 ms
med. short 79 ms 69 ms 80 ms
short
45 ms 41 ms 45 ms
All
111 ms 98 ms 107 ms

Table 6.1.: Mean durations of vowels in different duration classes.

long mean durations being five times as long as the mean of the shortest class. It should be
noted that the lower limit for the segmentation of the vowels is 30 ms because the structure
of the HMMs for a long vowel requires at least three frames for the alignment. This is a considerable shortcoming of the automatic segmentation. Also, the mean durations are affected
by the intrinsic durations of the different vowels. The open vowel [a:] shows an about 13%
longer duration than the closed vowel [i:] for which articulation is faster because the jaw
does not have to be opened to such a large degree as for the [a:].

6.3.1.

Formants

For a general picture of the behaviour of the formant frequencies of the vowels with different durations the means of the average first and second formants over the whole weighted
segment were computed according to their duration class. The mean values are shown in Figure 6.2. As can be seen the vowel space of the vowels with the shortest durations is clearly
reduced as compared to that of the longest vowels.
For the statistical analysis of this trend the centre of the vowel triangle of each duration class was computed. As the formant frequencies for each vowel and duration class are
approximately normally distributed the distances of the mean values to the centre were computed instead of the distance for each token3 . The distances of the mean values of the three
vowels to the duration specific centres were computed for each duration class. As is shown
in Table 6.2 the distance of the mean F1 values to the centre was reduced by 40% and for
the mean F2 values by 46%. In analogy, the mean values of the vowel space areas were computed using the means of the vowel formant frequencies for the four duration classes. The
results show that the vowel space area of the shortest duration class is reduced by over 70%
as compared to the vowel space area of the longest vowels. Thus, both measures for vowel
3

With this procedure a too strong influence of the variances is avoided which would occur if the distances
were computed item-wise. As the variances represent the high variability of the speech sample caused by
the large amount of different male and female speakers with individual vowel spaces, the comparison of
means was chosen as an abstraction over the speaker specificities.
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Figure 6.2.: Mean formant frequencies of the vowels [a:] [i:] and [u:] with different
durations. Only the vowel space areas of the longest and shortest vowel classes are shown. L
denotes the vowel space centre of the long vowels, S the centre of the short vowels.

reduction show a clear reduction of the formant frequencies of vowels with shorter duration.
These results only reflect the effect of duration on the mean formant frequencies over all
vowel tokens regardless of their context. However, in order to obtain a clearer picture of the
reductional effect of the articulation rate it is important to know to what extent the phonemic
context influences the position of a vowel in the vowel space given a certain duration. In other
words, does a shorter duration cause a shift of the formant frequencies towards the vowel
space centre or rather towards its context which would indicate an increased coarticulation?
Since the Verbmobil corpus consists of spontaneously produced speech no systematic

Distance to Centre
F1
F2
Long vowels 160 Hz
Short vowels 96 Hz
Reduction
40%

443 Hz
241 Hz
46%

Vowel Space Area
212,912 Hz
60,849 Hz
71.4%

Table 6.2.: Reduction of the vowel space and the distance to the vowel space centre from
long to short vowels.
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Figure 6.3.: Shift of the formant frequencies of vowels with different phonetic contexts.
The arrows show the direction of the shift of the formant frequencies of vowels with shorter
durations.

variations of the contexts on the corner vowels can be obtained. Therefore, for this analysis
only a few vowel-context combinations are selected which are assumed to exhibit the most
severe coarticulatory effects. As the corner vowels [a:] [i:] [u:] represent the outer
points of the vowel space it is assumed that they are affected most by centralisational and
coarticulatory effects. For the same reason they constitute the contexts with the highest bias
potential. The context vowels at the outer boundaries of the vowel space are assumed to
impose a stronger coarticulatory influence than vowels lying near the centre which would
rather impose a centralising influence causing the position of the affected vowels to shift
towards the centre. However, in order to measure the extent of centralisation in contrast
to coarticulation it is important to analyse those cases where the effects can be expected
to be most divergent. Therefore, the vowels [a:] [i:] [u:] and some of their lax or
neighbouring counterparts are selected as context phonemes. Altogether, 14 combinations of
two vocalic segments which meet these specifications were analysed (cf. Table 6.3).
From these vowel and context combinations the mean formant frequencies were computed for the four different duration classes which contained 25% of the biphone tokens. The
results as shown in Figure 6.3 indicate that there indeed exists a strong increase in the coarticulatory effect with decreasing vowel duration. For example, the [a:] in the j/a:/ biphone
shows a clear tendency towards [i:]. The very short j/a:/ tokens have almost the same
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Figure 6.4.: Measurements for the quantification of the centralisation versus coarticulation
effects.

formant values as the [I] in the diphthong a/I/. However, there exist also some centralisation effects. The [a] in /a/I, for example, is almost shifted on a straight line towards
the centre although it is a diphthong which is assumed to contain rather more coarticulation
than monophthongs.
In order to quantify these effects the centre of the vowel space was computed as the
mean across the mean values of [a:] [i:] [u:]. Based on these mean values the angle
between the direct line from the means of the vowel tokens with the longest durations towards the centre of the vowel triangle which represents the net centralisational effect and the
direct line towards the ”target” frequencies of the idealised context was computed (cf. Figure 6.4). This line represents the direction of the net coarticulation without any centralisational tendencies. This angle  describes the whole range between net centralisation and net
coarticulation.



The direction of the shift which the formant frequencies undergo with decreasing duration is plotted with the red dashed line. The angle describes the angle between this line and
the centralisation direction. Thus, the ratio describes the relative amount of coarticulation.
If
there is no coarticulation. These
 the shift consists of 100% coarticulation. If
ratios were computed for all 14 biphones (cf. Table 6.3).

 



  

In order to obtain a single value for the whole data the mean over all ratios was computed by weighting all values with the number of occurrences of each biphone. This overall
mean ratio shows that the analysed biphones undergo a shift which consists by about 60%
of coarticulation and 40% of centralisation as defined by the ratio of the angles and  .
This indicates that reduction as measured by the mean distance of the observed vowels to
the centre consists to almost equal parts of both coarticulatory and centralising tendencies.
This implies that both effects should be taken into account for the modelling of reduction by
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Biphone

j/a:/
34.08 33.04 1.03
/a /I
9.87 50.18 0.19
/a /U -37.28 94.63 0.39
u/a:/ 102.48 107.57 0.95
U/a:/ 109.98 108.81 1.01
j/u:/
5.83 10.90 0.53
/U /I
3.53
2.97 1.19
a/U /
19.89 29.37 0.68
/u /a
4.00 -27.08 -0.15
/U /a -10.62 -22.05 0.48
/j /u
0.31
9.88 0.03
/j /a -26.29 -19.97 1.32
15.12 27.58 0.55
a/I /
U/I /
10.66
0.29 36.8
Mean
0.61


#
1682
6138
1934
146
145
372
40
2136
130
125
372
1684
6136
41

Table 6.3.: Angles of the shift of biphones representing the amount of coarticulation caused
by decreasing duration (cf. Figure 6.3).

modelling a shift towards the centre as well as a shift towards the phonetic context.
Apart from the static characteristics the behaviour of the dynamics was investigated in
some detail. For the analysis of the changes in the formant movements the means of the formant frequencies measured at the beginning, middle and end of the segments were computed.
When the formant frequencies of the vowels of the different duration classes are plotted
against their duration as shown in Table 6.1 and connected with straight lines the movements
as shown in Figure 6.5 can be deduced. As can be seen while the on- and offset frequencies
remain almost invariant the target values in the middle of the segments are clearly reduced for
the shorter segments. This indicates that the total amount of reduction as seen in Figure 6.2
is mainly due to the middle segment.
The connections of the measured formant frequencies suggest that the rate of change
remains stable over the different duration classes. Only for the very short vowels the movements between the first and last frame tend to approximate a straight line which represents
a deviation from the direction of the movements in the longer vowels. The first derivatives
computed at the same points of the vowel segments show that the steepness of the formant
movements at least for the middle and last frames remain relatively stable over the different
duration classes (cf. Table 6.4). The values of the derivatives of the long vowels indicate that
at the beginning of the segments the movements tend towards a certain target which seems
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2200

long
med. long
med. short
short

2000
1800
Frequency [Hz]

1600
1400
1200
/a:/

/i:/

1000
800
/u:/

600
400
200
0 45 117

225

0 41 102

205

0 45 114

216

Time [ms]

Figure 6.5.: Formant movements of the vowels [a:] [i:] and [u:] as deduced by the
measurements of the first and second formants at the begin, middle and end of the vowels.
The duration is chosen according to the mean duration of the corresponding duration class.
The lower tracks represent F1, the upper tracks F2.

to be reached at a quasi stationary state in the middle of the segment where almost no movement can be observed. In the final part the movements show the opposite direction towards
a neutral position. In contrast, the derivatives for the short vowels do not show such a clear
separation of the phases. The values for the middle frames indicate that no stationary state is
reached but that the movements are continued over the whole segment. However, the values
of the derivatives of the second formants of the initial frames of all three vowels indicate a
flatter movement for the shorter vowels.

6.3.2.

Spectrum

These results only take into account the frequencies with the highest energies, the formants.
However, this completely ignores the rest of the spectrum. Although it is generally assumed
that most information about the vowel identity is conveyed by the formant frequencies it is
known that the spectrum also conveys information such as speech effort or specific speaker
characteristics. These informations can be helpful in determining the speech rate. In order to
analyse the mel-spectrum a similar approach as for the analysis of the formants was taken.
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long
Begin
28
[a:]Middle -4
End
-16
Begin
-6
3
[i:]Middle
End
7
Begin -32
[u:]Middle
3
End
18

 F2
F1
short long short
-41
-18
8
-16
5
-5
25
21
-15
63
-10
-17
-8
-17
-43
-24
-35
16
-40 -128 -38
-12
23
27
17
83
78

Table 6.4.: Mean values of the first derivatives of F1 and F2 at three different points of the
vowels [a:] [i:] and [u:]. Only the values of the longest and shortest duration classes
are shown.

However, since the spectrum exhibits a highly speaker specific structure an averaging over all
speakers would destroy the vowel specific characteristics. For example, the formant frequencies of the same vowel can vary widely between different speakers. This does not severely
affect the analysis of formants because the averaging still returns satisfying results. However,
in the average spectrum of a vowel over different speakers the formant structure would be
lost because the formant peaks at the different frequencies for the different speakers would
simply flatten the spectral structure. Therefore, the means of the spectrum were computed
speaker-specifically.
Figure 6.6 shows the mean mel-spectrum of the vowel [i:] produced by speaker HAH
from the Verbmobil corpus. The values over which the means are computed were measured
at the middle frame of all vowel tokens. The spectra depicted in Figure 6.6 show the means
of the vowel tokens with the longest and shortest durations.
From the results of the formant analysis which shows a strong reduction of the formant
frequencies one might expect a strong effect of the reduced formant frequencies on the whole
spectral structure. However, this is not the case. The differences in the positions of the spectral peaks are almost negligible. While the graphs show that the reduction of the formant
frequencies does not have a strong effect on the overall spectral structure there are several
large differences in the spectra of short and long vowels. First of all, the spectral tilt of the
mel-spectra of the short vowels is more level than that of the long vowels. In Chapter 3 this
effect has already been introduced. There, the centre of gravity of the spectrum as a measure
of the slope of the power spectrum was lower for shorter vowels indicating a steeper tilt
of the spectrum. Due to the mel filtering this effect is reversed. However, the phenomenon
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3.5

/i:/ long
/i:/ short

3
2.5

Energy

2
1.5
1
0.5
0
-0.5
2
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Figure 6.6.: Mean mel-spectrum of the speaker HAH for the vowel [i:]. The means of the
tokens with the longest and shortest durations are shown.

remains the same, namely the shift of the global spectral energy in vowels with a shorter duration. Secondly, the formants themselves appear less pronounced in short vowels. In order
to capture both effects in one measure the spectral variance was computed over the spectra
of this speaker according to the following formula:




 









 

where  is the number of frequency bands of the mel-spectrum,
energy and  is the energy of the i-th frequency band.


(6.1)

is the mean spectral

The spectral variance was computed for the vowels [a:] [i:] and [u:] for the
speaker HAH. The results as shown in Table 6.5 indicate that this measure is highly vowel
specific. While for [a:] there is a significant difference in the spectral variance between
long and short vowels this effect does not occur for the vowels [i:] and [u:]. This result
indicates that this measure is not suitable for all vowels. However, since the effect for [a:]
is so clear the measure might be suitable for a classification of a stretch of speech where only
a smoothed value has to be taken into account.
Apart from differences in the static characteristics of the mel-spectrum interesting effects
can be observed in the behaviour of the spectrum over time for vowels with short and long
duration. A characteristic picture of the dynamics of the different frequency bands is drawn
by the first order derivatives of the mel spectrum as depicted in Figure 6.7.
Again, the red line shows the values obtained at the first frame, the green line the values
at the middle frame, and the blue line those at the last frame. Thus, the red line for the
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Figure 6.7.: First order derivatives of the mean mel-spectrum of the speaker HAH for the
vowel [i:] as measured at the first, middle and last frame of the vowel tokens.

long vowels indicates that at the beginning of a vowel especially the energies of the formant
frequencies are rising. In contrast, in the middle of the vowel almost no movements can be
observed which indicate a quasi stationary part. At the end of the vowel an inverse picture of
the beginning is obtained with the formant frequency energies being decreased. In summary,
the derivatives of the mel-spectrum of the long vowels indicate three different states in the
articulation. The first phase consists of an on-glide where the articulators are moved towards
the target position. A quasi steady state is reached in the middle of the segment and the
segment ends in an off-glide phase where the articulators are moved towards the position of
the following phone.
These three phases are completely absent in the derivatives of the short vowels. There,
the movements remain the same during the whole duration of the vowels.

Vowel
[a:]
[i:]
[u:]

Short Vowels
Long Vowels
Mean VAR Variance VAR Mean VAR Variance VAR
1.06
1.24
1.77

0.29
0.42
0.32

1.48
1.26
1.63

0.25
0.57
0.97

Table 6.5.: Means and variances of the spectral variance VAR for the vowels [a:] [i:]
and [u:] for the speaker HAH.

75

6. Acoustic Analysis

6.4. Summary
The results of the acoustic analysis of the German Verbmobil corpus of spontaneous speech
in general support the results obtained on smaller corpora as reported in the literature. The
reduced formant frequencies in the shorter vowel segments indicate a rather informal speaking style where no special effort is taken by the speakers to produce clearly articulated utterances. Accordingly, the formant movements over time remain relatively stable over the
different speech rates. The only difference here is the lack of a quasi steady state in the short
vowels as compared to vowels with longer durations.
These results are mirrored in the analysis of the dynamics of the mel-spectrum where
a clearly slowed movement was found in the middle of the long vowels which was absent
in the short ones. The analysis of the static spectral values reveals that there are significant
differences in the spectra of short and long vowels which can be captured with very simple
measures of the centre of gravity and the variance of the spectrum.
An investigation of the effects of centralisation and coarticulation indicates that the formant frequencies of the vowels are not only shifted into the direction of the formants of their
neighbouring vowels as would be the case with increasing coarticulation. It has also been
shown that there is a strong tendency of the formants to shift towards the centre of the vowel
space. Thus, the transformation that the formant frequencies of the vowels undergo from
slow to fast speech consists in fact of two underlying shifts.
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As has been shown in the previous chapters there exists a discrepancy between the phonetic
knowledge of rate variation and rate modelling in automatic speech recognition. While it is
evident that changes in speech rate cause systematic changes in the acoustic features these
systematics are not exploited in approaches with rate dependent models. In order to investigate in which way these systematics could be incorporated in speech rate modelling a series
of experiments was carried out on rate dependent models.
In these experiments the following questions were raised.
Firstly, the question was addressed whether a separation of the training data from the
beginning is superior to a mere adaptation of general models. In other words, it was analysed whether rate dependent models need a more general basis or not. If the effects of rate
variation are severe and cause strong deviations from normal rate characteristics a separation
of the models from the beginning should perform better. However, if these effects cannot
be captured reliably because of sparse data problems a more general basis of the models is
needed.
Secondly, the kind of measure upon which the division of the training data is carried out
is analysed. The measure is an important variable in the modelling of speech rate since it
determines on what effect adaptation is actually performed. As has been shown in chapter
3 speech rate variation is generally accompanied by acoustic reduction. However, reduction
does not always occur with faster speech rate. One can argue that speech rate is not the
optimal criterion upon which adaptation should be performed. A criterion that measures
directly the acoustic effect of reduction may perform better.
Thirdly, the number of rate- or reduction-dependent model sets is a critical point. While
a higher number of rate classes on the one hand dramatically reduces the amount of training
data that is available for each class of rate dependent models, this can on the other hand
increase the modelling accuracy. Although most rate modelling approaches use around three
rate classes, a more detailed modelling strategy has not yet been analysed.
The selection scheme for the models during the recognition phase is another critical parameter. Generally, much effort is taken for the online estimation of the speech rate during
decoding. However, the chosen measure may not be the optimal predictor for the kind and
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amount of acoustic variations. Also, the rate estimation is an error prone task which introduces further uncertainty into the choice of the appropriate model. Therefore, a model driven
selection scheme was analysed in detail.
For the same reason that a chosen measure may not be the optimal predictor of the acoustic effects a different scheme for the separation of the training data was applied. In order to
find an optimal separation of the training corpus, a data-driven selection which is based on
the application of the rate-dependent models was carried out.
Finally, a more basic question was addressed by comparing rate adaptation with speaker
adaptation. Since rate is assumed to be a highly speaker specific variable it is an important
question if the applied rate adaptation schemes perform implicitly a speaker adaptation or if
rate modelling shows a better generalising power1 .

7.1. Rate and Reduction Measures
In the following investigations a total of eight measures was analysed from which three are
durational measures, three are based on formant values and two are based directly on the
mel-spectrum. For the analysis the measures were computed on both the training and the test
set. For those measures which require a segmentation of the data this can be interpreted as a
cheating mode because the segmentation of the test data was achieved by a forced alignment
of the phonotypic transcription. It is an interesting question whether this cheating is helpful
for the decoding phase.
The first three measures simply give the mean duration of certain segments over a stretch
of speech. In the first corpus which consists of read speech with very short utterances this
means the whole utterance. In the spontaneous speech corpus where longer utterances are
dominating shorter runs are defined according to [GD75] as stretches of speech that occur
between two pauses. The duration based measures are defined in a straightforward fashion.
VDUR gives the mean vowel duration, DUR the mean segment duration and SYL the mean
syllable duration of an utterance. For all measures pauses are excluded. The syllable and
segment duration are inversely related to the syllable and phone rate respectively. The vowel
duration was measured additionally because vowels are affected most by rate changes. It was
expected that a focus on the most rate sensitive segments would capture rate changes even
better than other measures.
In order to determine the formant based measures the ESPS formant tracker computed
the frequencies of the formants on each frame. For the measurement of the reduction BRED
and coarticulation BCOA the formant frequencies  in Hz were transformed to Bark values
1
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Some of the following results are published in [WFS01a] and [WFS01b].

7.1. Rate and Reduction Measures
Triphone token
j/a:/#

T
F2

C

M

Vowel space
centre

Monophone
[a:]

F1

Figure 7.1.: Monophone, triphone and the centre of the vowel space as base for the computation of reduction and coarticulation.

according to the following function [ZF99, p. 164]:
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(7.1)

In accordance with [Ayl00] the reduction BRED is measured as the Euclidean distance of

a token to the centre of the vowel triangle normalised by the distance of the correspond
ing monophone  , which is the mean over all vowel tokens of the vowel (cf. Figure 7.1):



 




 






(7.2)

Accordingly, the amount of coarticulation is measured as the Euclidean distance of a

token to its corresponding monophone  . For practical reasons this distance is also normalised by the distance of the monophone to the vowel centre. This is based on the fact
that the nearer a vowel class lies to the centre, the more likely it is to overlap with another
vowel class. Thus, the nearer a vowel class is to the centre the more severe is the effect that
coarticulation has on the separability of the vowel classes.










 





(7.3)

In order to measure the coarticulatory strength of vowels on consonants the slope difference of the F2 trajectories was computed as suggested by Van Son et al. [vSP95] [vSP99]
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[vSP96]. For this, the first order derivatives of the second formant 
were computed over
a window of five frames corresponding to 50 ms. These values were determined for the sec   and beginning     of each consonant. The difference
ond formant at the end 
gives the slope difference F2SD:

 



 

  

(7.4)

These formant based measures are rather elaborate because they are difficult to compute
online since the formant tracking generally is a time consuming and error prone process.
From this point of view computationally less elaborate measures are more interesting. This
 which can be computed directly
is the case for the centre of gravity of the spectrum
from the spectrum and is a measure of the speech effort. In accordance with the acoustic
 is computed on the energy values of the frequency bands as
analyses in Chapter 6 the
derived from the mel-spectrum:





    

(7.5)

where  is the centre frequency in Hz of the i-th frequency channel of the mel filter bank
and  the according energy. Based on the results of the analysis of the spectral characteristics of fast speech in the Verbmobil corpus the spectral variance has been included into the
pool of reduction measures:




 








 

(7.6)

where  denotes the energy of the i-th energy band and
the number of all energy
bands of the whole mel-spectrum.  is the mean energy over all frequencies of a frame.
These eight measures were computed on all utterances of the SLACC corpus and used
independently of each other for the following experiments. For the experiments on the larger
Verbmobil corpus only the VDUR was computed.

7.2. Experiments on the SLACC Corpus
The following experiments are based on a different corpus than that of the acoustic analysis. Since the experiments on rate dependent models require many iterations of training and
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evaluation phases a smaller corpus was selected upon which many sets of experiments could
be carried out. However, this smaller corpus differs in some aspects from the Verbmobil corpus, for example in the speaking style. While the Verbmobil corpus consists of spontaneous
speech the utterances from the SLACC corpus are read. In order to analyse the differences
between the effects of rate variation in these different corpora some experiments will also be
carried out on the Verbmobil corpus.

7.2.1.

Corpus

The experiments were carried out on the SLACC corpus (Spoken LAnguage Car Control)
which consists of read utterances recorded in a car environment [Sch01]. The utterances
contain instructions that are likely to be used for the control of non safety-relevant functions
in a car such as mobile phone or air-conditioning. The utterances start with the number of the
turn and consist of infinitive constructions such as ”Radio einschalten” (”Turn on the radio”).
Thus, with 5.7 words per utterance for the training set and 5.3 words for the test set the mean
utterance length is very short.

Training
Test

Speakers

Utterances

18
4

9,207
1,787



     


5.7
5.3

Table 7.1.: The test- and training set of the SLACC corpus.

For the recordings the speaker was sitting on the passenger seat with a microphone
mounted to the front jamb at the front shield of the car. The recordings were performed
while the car was driving. In total 22 speakers were recorded from which 18 were selected
for the training set and four for the test set.

7.2.2.

Baseline System

The baseline system is a semi-continuous Hidden-Markov-Model recogniser realised within
the ESMERALDA speech recognition environment [Fin99]. The codebook consists of 512
Gaussian distributions described by the diagonals of the covariances only. The word modelling is based on triphones which consist each of a left-right model with two or three states
where no skips are allowed. The lexicon of 650 words requires 1400 triphones. After a clustering procedure 1600 different states are established. The training consists of several iterations of the Baum-Welch-algorithm. During decoding a Viterbi beam search is performed on
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Rate-Specific Models

Rate-Adapted Models

fast
model

avg.
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slow
model

general
model

fast
model

avg.
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fast
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avg.
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slow
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Figure 7.2.: Separation of the training data for rate specific versus rate adapted models.

the lexicon. Since no language model is applied a word penalty is used in order to avoid a
dominance of short words.

7.2.3.

Basis of the Models

In order to compare the performance of highly specialised models to models which still
contain some information of more general speech data two different kinds of models were
trained. For the training of the rate specific models only rate specific data was used by separating the training data right from the initialisation (cf. Figure 7.2). Thus, all rate specific
model classes contained a distinct set of information. In contrast, the rate adapted models
are first trained with the whole data until an optimal performance is reached. Only then a
rate-adaptive re-estimation of the model parameters is performed with the according subsets
of the training data using the Baum-Welch algorithm.
During decoding all three models were applied and produced scored hypotheses for each
utterance. Thus, for each utterance three hypotheses were produced. The hypothesis with the
best score was chosen as the recognition result.
In order to analyse the effects of rate modelling on the different speech rates in the test
data the test utterances were divided into fast, average and slow utterances for evaluation 2.
2
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In order to obtain comparable results the subsets referred to as slow, average and fast are always the
same. They are obtained by computing the mean vowel duration of each test utterance as given by the
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Baseline
Rate-adapted
Rate-specific

slow
20.1
17.9
19.5

Testset
avg.
21.5
20.2
22.0

fast
31.6
30.4
32.6

all
25.0
23.4
25.3

Table 7.2.: Word error rates of rate-specific models vs rate-adapted models (VDUR, 3
classes, best score).

The results of the baseline system show that the word error rate is highest for the fastest
utterances with 31.6% and lowest with 20.1% for the slowest utterances. In total the baseline
system yields a word error rate of 25%.
Table 7.2 shows that the rate-adapted models improve the word error rate of the baseline system up to 23.4% which represents a reduction of the word error rate of 6.4%. This
improvement is achieved in all rate classes similarly after only one adaptation step. Further
iterations of this adaptation yield roughly the same results. In contrast, the performance of
the rate specific models with a word error rate of 25.3% was slightly but not significantly
worse than that of the baseline system.
A closer analysis of the test data reveals that the rate specific models perform particularly badly on the fast utterances while for slow utterances the performance can be slightly
enhanced.
Thus, especially the fast models benefit from a more general base for the rate dependent
models. This indicates that the models of the fast utterances are more heterogeneous which
corresponds with the results of the formant analysis of the Verbmobil corpus where the formant frequencies of the fast vowels were not only seen to be reduced but also to exhibit a
higher variance.

7.2.4.

Rate- and Reduction Measures

In order to investigate the effect of different measures on the performance of rate-dependent
models, the criterion according to which the training data is divided into specialised subsets
was changed. Thus, for each measure a different division of the training data was obtained.
segmentation of a forced alignment. The margins of the classes are defined by the ranges of the classes
established for the training data. The fast test subset contains 829 utterances, the average 451 and the slow
subset 507 turns. The range of the mean vowel duration for the fast subset of the training data lies between
32 ms and 65 ms, for the average subset between 65 ms and 78 ms and for the slow set between 78 ms and
187 ms.
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Duration based
Formant based
Spectrum based
Reference
rate measures
rate measures
rate measures
Base RAND DUR VDUR SYL BRED BCOA F2SD COG VAR
all

25.0

24.9

23.6

23.4

23.4

23.5

23.2

23.9

24.3

24.7

fast 31.6
avg. 21.5
slow 20.1

32.2
21.6
19.2

30.5
20.3
18.3

30.4
20.2
17.9

29.8
20.6
18.3

30.2
19.5
19.0

30.2
18.9
18.5

30.9
19.9
19.2

31.1
20.4
19.7

30.9
21.5
20.2

Table 7.3.: Word error rates of rate-adapted models with different measures (3 classes).
Therefore, eight different kinds of measures were computed from which each was the base
for a set of experiments. In order to divide the training set the mean value of the analysed
measure was computed over each utterance. According to this measure the training set was
divided into subsets containing the same number of utterances.
Again, all three rate dependent model sets were applied for decoding and only the best
scoring hypothesis was chosen for evaluation. Table 7.3 shows the results of the rate adapted
models based on different measures with three different classes each. As a comparison a
random pseudo-measure RAND has been introduced to test whether potential improvements
are due to some artifacts related to the training and test procedure. For example, the larger
number of parameters could be a simple explanation of an improved modelling irrespectively
of the underlying separation of the training data and the phenomena that are intended to be
captured by this approach. However, with a word error rate of 24.9% the RAND condition
produced the same result as the baseline system. In general, the formant and duration based
measures all provide significant improvements of the performance with a word error rate of
under 24%. In contrast, the performance of the models based on the spectrum based measures
COG and VAR is only slightly but not significantly better than that of the baseline system.
It should be noted that the best performance for the duration based measures DUR,
VDUR and SYL is achieved after one or two training iterations. This is also the case for
the not very successful spectrum based measures COG and VAR. However, the performance
maximum of the formant based measures BRED, BCOA and F2SD is reached after around
ten Baum-Welch iterations. This indicates that the adaptation of reduction involves more
complex transformations than the adaptation of duration.
Given the similar results of the duration based and formant based measures the question
arises how different these measures are and if they evoke any differences in the division of the
training set. The permutation matrix of the duration based measure VDUR and the formant
based measure BCOA (cf. Table 7.4) shows how many utterances that are classified as fast
with VDUR are classified as fast, average or slow with BCOA and so on. The numbers show
that although the utterances are not randomly distributed more than half of the utterances
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VDUR

BCOA
fast avg. slow
fast 1405 1087 515
avg. 885 1060 1062
slow 718 860 1430

Table 7.4.: Confusion matrix of the training utterances classified as fast, average and slow
based on the VDUR and BCOA measures.
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Figure 7.3.: Histograms of the loop probabilities of the rate adapted models with the best
performance based on the rate measures VDUR and BCOA.

classified as fast with the VDUR measure are not classified as fast with the BCOA measure.
For example, there exist 515 utterances which exhibit a short vowel duration but only few
coarticulatory effects as captured by the BCOA measure. This shows that a fast speech rate
as reflected in shorter vowel durations is not always accompanied by stronger coarticulation
or reduction as discussed in chapter 3. A similar picture is drawn by the remaining duration
classes. This shows that there is a significant difference in the composition of the rate specific
training subsets.
Based on these figures one might suspect that the coarticulation adapted models BCOA
actually perform a duration adaptation, only more slowly. As has already been mentioned
the models adapted by the formant based measures need more iterations of the parameter reestimation. This could indicate that BCOA is simply a worse measure of duration than VDUR
itself. In order to investigate this it is helpful to look directly at the adapted parameters of
the different model sets. Since it would be a difficult task to analyse the 512 mixture weights
of the semi-continuous HMMs together with the corresponding classes of the codebook, the
transition probabilities were analysed for this question. This is an easier task since the states
of the applied HMMs only have two transition probabilities, namely the loop and the exit
probabilities. Figure 7.3 shows the histograms of the loop probabilities of the models based
on VDUR and BCOA.
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As can be clearly seen the distributions of the loop probabilities for the slow VDUR models are shifted towards higher values than the loop probabilities for the fast models 3 . This is
to be expected since a higher loop probability models a longer segment duration. In contrast,
the adapted models based on the BCOA measure do not show any significant difference in
the loop probabilities of the fast and slow models. Thus, while the rate dependent models of
the VDUR measure are clearly adapted to the different durations the BCOA models are not.
This means that the BCOA models are obviously adapted to something different than duration. It is therefore an interesting question if the effects of the different adaptation schemes
are additive. In order to investigate this question the VDUR and BCOA models were applied together during recognition which means that six models were applied producing six
hypotheses for each utterance from which the best scoring one was chosen. However, this
combination only achieved a slight decrease of the word error rate to 23.1% as compared
to 23.2% and 23.4% for the BCOA and VDUR condition respectively. Thus, although the
duration based measures capture different aspects of acoustical degradation than the formant
based measures a combination of both measures is not beneficial at the level of hypotheses.
In order to better understand the effects of the rate dependent models on the different
rate classes a closer look on the performance on the fast, average and slow subsets of the
test utterances is helpful (cf. Table 7.3). Most of the word error rate reduction is achieved
on the average rate subsets of the test utterances. The highest reduction is achieved by the
coarticulation adapted models BCOA for the average rate subset from 21.5% to 18.9%. This
corresponds to a word error rate reduction of 12%. For slow speech the highest error reduction lies around 11% which is achieved by the VDUR models in the best score condition.
These results reflect the general tendency of the formant based measures BRED, BCOA and
F2SD to better adapt an average rate while the duration based measures seem to perform a
better adaptation on slow speech. However, for fast speech the reduction of the word error
rate does not exceed 5.7% in the best score condition. Here, the best results are achieved by
models adapted to the syllable duration SYL.
In order to get a better understanding of the effects which are captured by the different
measures the formant frequencies of the training data for the VDUR and BCOA subsets
were computed. The results as depicted in Fig. 7.4 and Fig. 7.5 are based on the formant
frequencies as measured in the frame at the middle of the vowel segment. The figures show
the mean values for the vowels [a:] [i:] [u:] taken from utterances classified as fast
or slow according to their mean vowel duration. The ellipses show the standard deviations
for each distribution.
3
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There is a high number of loop probabilities near the value 1.0. This is an artifact caused by the chunks on
which the training is performed. At the end of these chunks no exit transitions are allowed which leads to
loop transition probabilities near 1. Since such chunks generally consist of whole words there exist quite a
lot of states occurring at the ends of a word which are affected. However, these values are not affected by
rate modelling and can be ignored.
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Figure 7.5.: Mean formant frequencies
and standard deviation of the vowels
[a:] [i:] [u:] in the training subsets defined by BCOA.

While the formant frequencies of the vowel tokens that are used to train the slow BCOA
model only show little variances – at least for [a:] and [i:]4 – the range of the strongly
coarticulated vowel tokens is greatly expanded. This is exactly the coarticulatory effect that
it was intended to model with the BCOA measure. In contrast, the variances of the vowel
subsets selected for the training of the VDUR models are quite similar for both, vowels with
long and short durations. Here, only the means are shifted. Thus, while the BCOA models
are obviously better in capturing different amounts of acoustic variability the VDUR models
are better in modelling more homogeneous classes.
In order to investigate in more detail what kind of effect was learned by the rate adapted
models a formant analysis was carried out on the test utterances that best fitted the models.
For each model only those utterances were analysed which received the best score from this
model. Thus, it was analysed which characteristic formant frequencies are captured especially well by a certain model. For these utterances a phoneme segmentation was performed
based on the word hypotheses that were produced by this model during decoding with the
according rate adapted model. Upon this segmentation a formant analysis with the ESPS
formant tracker was carried out.
The Figures 7.6 and 7.7 show the results of this analysis. The data show that the models do indeed specialise on different kinds of formant frequencies. For example the models
adapted to fast speech via the VDUR rate measure show a tendency to best fit strongly
4

The formant frequencies of the [u:] tokens are less reliable because the ESPS formant tracker has difficulties with tracking low F1 frequencies. It is often the case that a low F1 frequency is mistaken for the
fundamental frequency which leads to an interpretation of the second formant as the first formant and so on.
This is the reason why the values of the formant frequencies of [u:] exhibit such a large variance under
all conditions.
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Figure 7.6.: Mean formant frequencies
and standard deviation of the vowels
[a:] [i:] [u:] in the testset as
modelled by the rate adapted VDUR
models.
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Figure 7.7.: Mean formant frequencies and standard deviation of the vowels [a:] [i:] [u:] in the testset
as modelled by the rate-adapted BCOA
models.

centralised vowels. In contrast, the models adapted to average and slow rate model less centralised vowels. However, the slow and average rate models do not seem to differ in a consistent way from each other. For [i:] the average models show a tendency to model a higher
variance than the slow models. For [a:] only a very small difference in the distance to the
vowel centre can be observed between these models and for [u:] the average models even
show a lower variance than the slow models. Nevertheless, the fast models have obviously
successfully adapted to centralisation. Moreover, this centralisation effect is even stronger in
the test utterances than in the training data.
A similar picture is drawn for the BCOA models in Figure 7.7. Here, the models adapted
to slow rate according to the BCOA measure tend to model vowels that lie relatively close to
the mean formant frequencies of a vowel. The fast rate models fit vowel tokens which have
a larger distance to the mean values of the monophones which means that they exhibit more
coarticulation. More unexpectedly the average models have specialised on vowels that are
centralised as compared to the other vowels. This is contrary to what would be expected from
the adaptation data which lies exactly between that of the fast and slow class (cf. Figure 7.5).
It is possible that this is because the slow rate models show a too narrow distribution for
fitting centralised vowels while the fast rate models give a too bad model because of their
large variance so that the average models best fit slightly reduced vowels.
The same analysis was carried out on a segmentation of the test utterances based on the
correct transcriptions. Again, for each model those utterances were analysed which received
the best score from the model. The results showed a similar picture as for the segmentation
based on the recognition results. However, the vowel classes for all models tend to be more
centralised and exhibit larger variances. This indicates that the rate dependent models still do
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Figure 7.8.: Histogram of the mean syllable rate of the training utterances of the SLACC
corpus. The grey area depicts one standard deviation.

not capture all effects of reduction because they do not capture these strong reduction effects
in the classification task during decoding.
To sum up, the comparison of the different measures for speech rate modelling shows that
the duration based measure VDUR and the formant based measure BCOA for coarticulation
perform best. Moreover, several analyses indicate that these measures do indeed capture
different effects. A formant analysis of the data that best fits the different rate dependent
models shows that the VDUR models rather capture centralising effects while the BCOA
models specialise on coarticulation. However, a combination of both models on the level of
hypotheses did not give any improvements.

7.2.5.

Modelling Accuracy

In most of the approaches reported in the literature the number of classes into which the
training data is divided is two or three. The underlying idea is that there exist only two or
three classes of rate such as fast, average and slow. However, the range over which speech
rate varies can be very large. In the SLACC corpus for example the mean syllable rate of the
utterances ranges from around 2 to 10 syl/s (cf. Figure 7.8). Taken into account that these
are the mean values over whole utterances which means that the values are heavily smoothed
this is a considerable range. Therefore, a division into three classes seems to be a very rough
modelling.
On the other hand, a more detailed modelling would cause an even more dramatic reduction of the training data. In order to find the equilibrium between a sufficient amount of
training data and a sufficient modelling accuracy a set of experiments was carried out where
the number of the rate specific model sets was varied. This was achieved by dividing the
training set into 3, 6, 9, 12, 15 or 18 classes which yields training sets consisting of 3000
to 500 utterances per class. These experiments are based on the measure VDUR which produced only slightly overall worse results than the BCOA models in the three class task but
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which only needed one or two re-estimation iterations for adaptation. In the decoding phase
hypotheses were produced by all models which means that in the 18 class condition 18 hypotheses were available. In order to single out effects that are due to the increased number of
model parameters the achieved recognition results are compared with the results obtained by
a random division of the training data. Table 7.5 shows the word accuracies of these systems.
From Table 7.5 it becomes clear that the VDUR models consistently outperform the
random models. However, with increasing number of models the performance of the random
models increases which indicates the beneficial influence of a simple increase of the number
of model parameters. The performance of the VDUR based models should be regarded with
respect to these results.
The best results are achieved with six rate classes in the VDUR condition. Despite the
fact that the training data is dramatically reduced when using even more rate classes the slope
of the word accuracy is amazingly flat. Even with 18 rate classes where only 500 utterances
are used for adaptation an improvement of the word error rate from 25% to under 24% can
still be obtained. However, if the results are compared to those achieved by the random
division of the training set the performance of the 18 models is no longer significantly better.
Nevertheless, up to 15 rate classes still provide a significant increase in performance. Thus,
the more detailed speech rate modelling still overrides the effects of sparse data problems
which occur at a threshold of 500 to 1000 utterances per rate class.
This more detailed modelling can also be observed in the loop probabilities of the very
specialised models of the VDUR condition with 18 classes. While the means of the loop
probabilities of the fast and slow models in the 3 class conditions are shifted from 0.62 to
0.68 this shift is doubled in the 18 class condition with means of the loop probabilities of the
fast versus slow models of 0.56 and 0.69 respectively.

7.2.6.

Model Selection

In the experiments reported so far a data driven approach was followed for the model selection during decoding by choosing the hypothesis of those models which give the best score.

VDUR
RAND

# Classes
3
6
9
12
15
18
23.4 23.1 24.1 23.4 23.6 23.9
24.9 24.8 24.8 24.5 24.7 24.5

Table 7.5.: Word error rates of rate-adapted models in relation to number of models. VDUR
compared with control experiment RAND.
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Reference

Duration based
Formant based
Spectrum based
rate measures
rate measures
rate measures
Base RAND DUR VDUR SYL BRED BCOA F2SD COG VAR

Pre-class.

Best score

all

25.0

24.9

23.6

23.4

23.4

23.5

23.2

23.9

24.3

24.7

fast 31.6
avg. 21.5
slow 20.1

32.2
21.6
19.2

30.5
20.3
18.3

30.4
20.2
17.9

29.8
20.6
18.3

30.2
19.5
19.0

30.2
18.9
18.5

30.9
19.9
19.2

31.1
20.4
19.7

30.9
21.5
20.2

25.0

25.0

24.1

23.2

23.9

24.6

24.4

25.0

24.9

24.9

fast 31.6
avg. 21.5
slow 20.1

31.4
22.1
20.1

30.5
21.3
18.9

30.1
21.1
17.1

29.6
21.7
19.1

31.3
21.2
19.7

31.7
20.5
19.0

31.2
21.8
20.4

31.6
21.0
20.4

31.7
21.4
19.8

all

Table 7.6.: Word error rates of rate-adapted models with different measures. Pre-classified
test condition vs best scoring hypotheses (3 classes).
However, in the literature most approaches perform a rate estimation in the recognition phase
upon which the models for decoding are selected. Since such a rate estimation is error-prone
and can be computationally expensive, the next set of experiments analyses whether a rate
estimation performs better than the data driven approach. Therefore, the following two test
conditions were compared:
The first condition consists of an optimal pre-classification of the test data according to
the measure computed by the segmentation of a forced alignment on the test data. According
to this classification the corresponding rate dependent model set is chosen for decoding. This
condition is comparable to the above mentioned approaches except that the rate estimate
is achieved by a cheating approach in order to avoid the influence of an error prone rate
estimation.
For the data driven approach all models are applied for decoding and the best scoring
hypothesis generated by one of the different rate adapted models is chosen. This procedure
ensures that the model that fits the observed data best is applied. This condition is referred to
as the ”Best score” condition.
Experiments were carried out on all eight measures. The results show that the data driven
approach outperforms the pre-classification scenario in most of the cases (cf. Table 7.6).
While the pre-classification still yields a significant decrease of the word error rates for the
duration based measures, the results for the formant and spectrum based measures are not
significant.
The difference between the performance of the data driven approach to that of the pre91
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classification scenario is increased when more rate classes are applied (cf. Table 7.7) which
indicates that the more detailed models are harder to predict by the rate or reduction measure.
If one looks at the number of utterances that are classified as fast according to the VDUR
measure and also classified as fast by the data driven approach, that is those utterances for
which the best hypothesis is produced by the fast model, it becomes clear that while for about
half of the utterances there is no confusion between the measure and the model classification
the other half of the test utterances is classified differently. For these utterances the model
driven classification obviously performs better (cf. Table 7.8).
Best results were achieved by the VDUR and BCOA models with a word error rate of
23.4% and 23.2% respectively in the best score condition and 23.2% in the pre-classification
condition with the VDUR models. Since the best score condition performs better for the
BCOA models but not for the VDUR models a closer look is taken on which models best fit
which utterances. Table 7.8 shows a confusion matrix of test utterances that are classified as
fast, average or slow according to the VDUR measure as compared to the model which best
fits the utterance. As can be seen most of the utterances tend to be best scored by the average
models. However, these utterances show no clear tendency of being also classified as average
by the corresponding measure. Instead, there is a tendency of utterances that are classified
as fast according to the VDUR measure to be best fitted by the average model. Since on the
fast testset the pre-classification condition of the VDUR models performs better than the best
score scheme this indicates that the fast VDUR models are not able to produce better scores
for some fast utterances.

RAND

VDUR

For the BCOA models a strong trend of the average models to give best scores for utterances which are classified as fast according to the measure can be observed. This indicates
that the better performance of the best score condition for the BCOA models is due to the
fact that utterances that are classified as fast according to the BCOA measure are better modelled by the average model. This means that either the measure BCOA is not very reliable
# Classes
9
12

3

6

15

18

Best score
Pre-class.

23.4
23.7

23.1
24.1

24.1 23.4 23.6
25.2 25.3 25.6

23.9
26.4

Best score
Pre-class.

24.9
25.0

24.8
25.0

24.8 24.5 24.7
26.2 26.3 27.1

24.5
28.0

Table 7.7.: Word error rates of rate-adapted models in relation to number of models. VDUR
compared with control experiment RAND.
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Rate acc. to
VDUR measure

avg. slow Sum

fast 503
avg. 275
slow 51

56
249
146

8
182
317

567
706
514

Sum 829

451

507 1787

Table 7.8.: Confusion Matrix of test utterances classified by the VDUR measure
versus the data driven classification of the
adapted VDUR models.

slow avg.
Rate acc. to
BCOA models

Rate acc. to
VDUR models

fast

Rate acc. to
BCOA measure

fast Sum

slow 302
avg. 161
fast 120

67
123
161

60
437
356

429
721
637

Sum 583

351

853 1787

Table 7.9.: Confusion Matrix of test utterances classified by the BCOA measure
versus the data driven classification of the
adapted BCOA models.

for the classification of fast speech or that fast speech is in some cases better modelled by
the average models. This finding is consistent with the fact that especially fast speech profits
from the general basis of rate adapted models when compared to rate specific models.
Although the best results over the whole testset are mainly achieved in the best score
condition certain test subsets perform better in the pre-classification task. This is the case for
the fastest and slowest subsets where the results of the pre-classification scheme are slightly
better than in the best score condition. In general there is a trend for the duration based
measures that the pre-classification condition performs equally well or even slightly better
than the best score condition for the fast and slow test utterances. This could indicate that
the extreme acoustic effects of the extreme rate classes can be captured quite well by the
durational rate measures.
However, the best score based model selection is computationally highly expensive since
it requires a full recognition pass with each model. Thus, the more rate classes are applied
the more time will be needed for the decoding. It seems reasonable that a full recognition
pass with each rate adapted model is not necessary. In order to find the best fitting model it
should be sufficient to perform a forced alignment with all models and select the model set
which produces the best scoring alignment. Since a forced alignment only needs to find the
segmentation for a given transcription it is far less expensive. However, in order to derive
a transcription of the test utterance a preliminary recognition pass must be performed. For
this the general models of the baseline system should be sufficient. Thus, after the general
models have produced such a transcription of the test utterance the rate-adapted models are
applied for a forced alignment. The model which gives the best scoring alignment is assumed
to best fit the data and chosen for the final decoding step. By this procedure only two full
recognition passes have to be performed as compared to at least three for the three classes
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VDUR
Best Score
23.4
Pre-Class.
23.6
Best Align.
23.6

BCOA
23.2
24.8
23.7

Table 7.10.: Word error rates of the three model selection schemes based on the VDUR and
BCOA rate measure. The training set was divided into three classes.

in a best scoring approach. This approach has been applied for the three class condition for
VDUR and BCOA as well as for the six class condition for the VDUR models only. This
condition is referred to as ”best alignment”.
Table 7.10 shows the results of a three class condition performed on the VDUR and
BCOA measures. As can be seen the word error rate of the best alignment condition lies
between those of the best score and the pre-classification schemes. While there are no significant differences in the performance of the model selection scheme for the VDUR measure
this is different for the BCOA condition. Here, the pre-classification performs significantly
poorer than the best score condition. However, the best alignment approach only performs
slightly worse with a word error rate of 23.7%. Thus, while the best score condition consistently produces the best results an increased computational performance can be obtained
with the best alignment approach while only yielding minor losses in the accuracy. A similar
experiment on the six classes condition with the VDUR measure yielded a word error rate of
23.7% as compared to 23.2% for the best score condition but 24.8% for the pre-classification
scheme. These results show that even with a higher number of classes which causes severe
performance degradations for the pre-classification scheme the computationally less expensive best alignment approach yields comparable results to the best score condition.
The current paradigm assumes utterances with a homogeneous speech rate. However,
this is an inaccurate assumption since the speech rate varies even within a short utterance.
The question is how strong is the variation and if it is possible to improve the performance
further by accounting for more local variations. Since the former results indicate that the
models providing the best scoring hypotheses are indeed the best selection during decoding,
in a further approach all three rate-dependent model sets were applied simultaneously. This
allowed a change of the rate class for each word. However, with this procedure only marginal
improvements could be obtained which are not comparable to the results produced by an
application of the models on the whole utterance. This indicates that it is not an easy task to
find the best model on a more local basis. It might be more appropriate to restrict the change
of the rate class in order to avoid too sharp variations in the rate of the models.
In summary, the data driven model selection generally performs better than an optimal
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Re-classific.
VDUR
Iteration
Best Score Pre-Class.
Model Driven
23.4
23.2
1
23.3
24.4
22.6
24.8
2
3
22.9
25.7
4
22.9
26.0

BCOA
Best Score Pre-Class.
23.2
24.4
23.8
25.3
22.5
27.3
21.8
29.8
22.0
33.1

Table 7.11.: Word error rates of models adapted with a data-driven division of the training
data. Results are shown for four re-classification iterations of three rate classes. The first line
shows the reference experiment with the corresponding model driven training subsets.

pre-classification of the test data. This indicates that it is not necessary to perform a preceding
speech rate estimation before decoding. It is rather the case that the models producing the
best scoring hypotheses tend to be the models with the best fitting speech rate. The better
performance of the best scoring scheme even increases when more rate classes are applied.
However, since the best scoring scheme needs to perform a whole recognition pass with all
rate dependent models a computationally less expensive method can be applied instead. This
alignment based choice of the models only performs slightly worse than the best scoring
scheme.

7.2.7.

Data-driven Training Selection

Since the data-driven classification of the test utterances consistently outperforms the modeldriven scenario a further investigation was performed on the extension of the data-driven
approach to the division of the training data.
The division of the training data was achieved by performing a forced alignment on the
training data with all three rate-adapted models. Each utterance was classified into the rate
class of that model which produced the best scoring alignment for it. With the so achieved
training subsets a new adaptation step was initiated by adapting the general models. The
results showed that these adaptation steps only required one or two iterations in order to
achieve a performance maximum. In order to optimise the data-driven training division several iterations were performed where the best models of the re-classification training data
were used to perform a new re-classification of the training data.
The results depicted in Table 7.11 show that by this data-driven training definition a
further significant reduction of the word error rate from the model driven training scenario
can be achieved. For VDUR the word error rate could be reduced from 23.4% to 22.6% and
for the BCOA models from 23.2% to 21.8% even. This represents an additional reduction of
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Figure 7.9.: Number of training utterances classified as fast, average or slow in relation to
their corresponding rate measure VDUR and BCOA. The thick lines show the distributions
of the models with the best performance after two or three re-classification steps. The dashed
and dotted lines show the distribution of the other re-classification steps.
the word error rate of about 3% and 6% respectively. In relation to the baseline system with
a word error rate of 25% the relative reduction amounts to 9.6% and 12.8% respectively. It
is worth noting that the BCOA models of the second reclassification iteration achieved their
performance optimum after only two training iterations as compared to ten when using the
model driven training subsets. The best re-classification for the VDUR models was achieved
with the models of the first data-driven training sets which was the basis for the second reclassification models. More iterations did not achieve a further improvement for either rate
measure. However, for the BCOA models the best performance was achieved after the third
re-classification step.
Not surprisingly the pre-classification scenario performed worse in each re-classification
iteration. This is because the more often a re-classification is performed the more it differs
from the measures used for the initial subdivision.
An analysis of the new training subsets so derived indicates that the models tend to flatten the distributions of the utterances which are selected for the different speech rates. This
becomes clearer in the histograms depicted in Fig. 7.9. The figure shows the number of utterances that are classified as fast, average or slow by the rate-adapted models in relation to
their rate according to the rate measures VDUR and BCOA. Both kinds of models show a
similar behaviour with an increase in the re-classification iterations. While the initial training
divisions show only few overlap between the rates of the utterances that are used for the different rate classes, the overlap increases with more re-classification iterations. This indicates
that either the rate-adapted models benefit from a certain amount of rate information from
utterances with a different speech rate or that other factors than rate or coarticulation are
found in the data.
Indeed, a closer examination of these optimised training subsets reveals that it is not only
speech rate which is adapted by this procedure. It is rather the case that the models also
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Test-Speaker
Baseline
Rate-adapted
Speaker-adapted

000 002 009 014
35.2 17.0 31.0 15.0
35.1 16.7 29.7 12.9
39.7 21.9 35.0 14.5

all
25.0
23.9
27.7

Table 7.12.: Word error rates of rate-adapted models (VDUR) vs speaker-adapted models.
(18 classes, best score)

tend to specialise on certain environmental characteristics, i.e. the type of the car where the
recordings took place or on certain speaker specific characteristics, i.e. the gender of the
speaker. In detail it can be shown that the first model which was assumed to adapt to slow
rate according to BCOA is almost exclusively trained by material from the cars C4 and C5
while the models which were assumed to capture an average speech rate specialised on the
cars C2 and C3. The third model set received data mainly from the female training speakers.
This indicates that several other factors apart from speech rate cause severe variations
in the speech signal. These causes of variations tend to be environmental noise and speaker
specific characteristics. Thus, the speech rate modelling cannot be optimised by this data
driven selection of the training data. However, the results indicate that speech rate variation
is a phenomenon with a strong influence on the acoustic characteristics comparable in degree
to that of environmental noise and speaker characteristics.

7.2.8.

Comparison to Speaker-Adaptation

A more general question is addressed in the last set of experiments. It is often argued that
speech rate is a speaker specific variable. One might therefore suspect that the 18 rate classes
have specialised on the 18 speakers of the training. This would mean that rate adaptation
only chooses one factor out of many other factors that are adapted in speaker adaptation.
In this case speaker adaptation would be a much more general approach than rate adaptation. In order to investigate this a speaker adaptation of the training speakers was performed
by explicitly training one set of models for each training speaker. In the decoding phase
all speaker dependent models are applied and the best scoring hypothesis is chosen as for
evaluation. This scheme is comparable to the best score condition of the rate and reduction
experiments.
Table 7.12 shows that an adaptation to the training speakers actually degrade the performance from 25% to 27.7%. A closer examination of the influence of the speaker adapted
models on the test speakers reveals that two factors are affecting the performance severely:
(1) the gender of the test and training speakers and (2) the environment of the recordings i.e.
the model of the car. This becomes clear when looking at the number of utterances for which
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Training Speaker

Test Speaker
001 m
004 m
005 m
006 m
007 m
008 f
013 f
015 f
017 f
020 m
Sum

C1
C2
C2
C2
C3
C3
C4
C4
C5
C5

000 002 009 014
f
m
m
m
C1 C2 C3 C4
0
0
47
0
0
26
6
0
1
5
9
9
0
2
7
0
0
39 23
0
77
0
0
3
1
0
0
66
15
0
0
6
4
0
0
8
0
18
2
6
98 90 94 98

Table 7.13.: Percentage of all utterances of a test speaker for which the models of the training
speakers produced the best scoring hypothesis. Only models producing more than 5% of the
best hypotheses are shown.

the different speaker specific models produced best hypotheses.
As can be seen in Table 7.13 the model that fits best the utterances from test speaker 014
is that of training speaker 013 which produced over 66% of the best scoring hypotheses. The
recordings of both speakers took place in the same car C4. This indicates that the model is
adapted to the acoustic characteristics of this car which proves to be helpful in decoding. In
the case of test speaker 000 it is apparently the gender of the training speakers that determines
which models fit best: almost all models that produce best scoring hypotheses are trained
by female speakers. In the case of test speaker 009 a combination of both seems to apply,
adaptation to the type of car and speaker specific characteristics. Again, all best fitting models
are adapted to speakers of the same gender with speaker 000 clearly producing the best
results. However, the next best model is that of a speaker in the same car (007). Altogether,
these results show that the speaker specific models in this experiment tend to be highly
sensitive to contextual factors. In contrast rate adapted models are able to generalise over
these factors while using the same amount of adaptation data.
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7.3. Experiments on the Verbmobil Corpus
In order to confirm the results obtained from the SLACC corpus a smaller set of experiments
was carried out on the larger Verbmobil corpus consisting of spontaneous speech. The experiments are based on the VDUR measure since the adaptation phase proved to be significantly
shorter for the models adapted to the mean vowel duration than for the equally or even better
performing BCOA measure.

7.3.1.

Corpus

For the speech recognition experiments two subsets of the Verbmobil corpus as described in
Chapter 6 are applied. The training set consists of 13,567 utterances from 641 speakers. For
evaluation the official testset vm-eval96 was applied which consists of 305 utterances spoken
by 29 different speakers. As can be seen from Table 7.14 the utterances of this corpus are
significantly longer than those of the SLACC corpus (cf. Table 7.1, p.81) which is due to
the spontaneous nature of the speech and the task the speakers has to perform. While the
mean length of the read utterances from the SLACC corpus is around five to six words, an
utterance of the Verbmobil corpus consists of around 20 words. In order to reduce the length
of the utterances and thereby the variation of speech rate they are cut into runs ([GD75])
or spurts ([Pfa00]) at segments of silence. This procedure produced around three runs per
utterance resulting in a mean length of six to eight words for the runs.

Training
Test

Speakers

Utterances

Runs

641
29

13,567
305

32,370
 1,000



      



22.5
17.8

7.7
 6





 

Table 7.14.: Training and test set of the Verbmobil corpus applied for speech recognition
experiments.

7.3.2.

Baseline System

The baseline system of these experiments differs in several aspects from that of the previous
experiments. With a lexicon of around 5,300 words this system is based on a larger training
database so that full covariances can be trained while increasing the number of Gaussian
distributions in the codebook to 1,024 classes. No word models are used. This strategy was
followed as a precaution in order to avoid problems with words that occur less frequently in
the smaller training subset and might therefore not be trained reliably any more. However,
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omitting the word models does not alter the overall performance of the baseline system. The
word sequencing is restricted by a bi-gram language model.

7.3.3.

Adaptation to Duration

Since the utterances of the Verbmobil corpus are significantly longer than those of the
SLACC corpus, the measures for the speech rate have to be computed over shorter parts.
In order obtain such shorter parts of the utterances runs were established. Runs are defined
as parts of speech that occur between two pauses. In order to find such runs, a forced alignment of the training data where optional pauses were allowed between the words was carried
out with rate independent models that have been trained until a performance maximum was
reached. The silences were then used as boundaries where the utterances were cut into runs.
This was done by including the surrounding pauses into the run in order to avoid artifacts in
the signal that might occur when clipping at noisy boundaries. By this procedure each pause
is used twice, once in the preceding run and once in the following run.
With this procedure 32,370 runs were derived from the 13,567 training utterances. In
order to determine the subsets for the different rate classes, the mean vowel duration of the
runs as provided by the forced alignment with the rate independent models was computed.
Based on the mean vowel duration VDUR the fastest third of the runs was used to train the
models for fast speech while the other thirds were used for the training of the remaining
two model sets respectively so that each set of rate-dependent models was trained with a
subset of 10,790 runs. Again, adaptation was carried out by applying several iterations of
the Baum-Welch algorithm on the optimised rate independent models with the specialised
training subsets.
During decoding all three sets of rate dependent models were applied on the whole utterances producing scored hypotheses. For the evaluation the utterances were then divided
into runs after the decoding was finished. This procedure ensured that the language model
was not affected by a truncation of the utterances into shorter runs. In preliminary experiments it was observed that decoding at the level of runs leads to a significant decrease of the
performance with both rate-dependent and rate-independent models. This decrease can be
attributed to the lack of context which is necessary for the language model. For example, if
a pause occurs between the words ”nach München” (to Munich) the next run will start with
the word ”München” without the information of the preceding word ”nach” which indicates
that probably the name of a city will follow. These results indicate that for the current corpus
the language model plays a crucial role for the performance of the system.
In order to derive runs from the test utterances the silence hypotheses as produced by
the rate-dependent models were compared. From those stretches of speech where all models
produced overlapping hypotheses of silence, the middle frame of the overlapping part of the
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Hypotheses Model 1

SIL
SIL

Hypotheses Model 2
Hypotheses Model 3

SIL

Figure 7.10.: Definition of the boundaries between runs during decoding by selecting overlapping hypotheses of silence. The graphic shows hypotheses of all three rate-dependent
models.

silences was selected as the end of the current run for all three hypotheses(cf. Fig. 7.10).
This procedure ensured that the runs had similar start and ending points and thus the same
number of frames in order to derive comparable runs. Since the pauses were truncated by
this procedure it was necessary to interpolate the score at the newly established boundary.
This was done by assuming a linear progression of the score for the silence hypothesis.
This approach allows runs with comparable scores to be defined. Similarly to the experiments on the SLACC corpus the best scoring runs are chosen as recognition result. The best
results were obtained after two iterations of Baum-Welch parameter re-estimation. However,
compared to the results obtained on the read speech corpus only slight improvements could
be achieved with this approach. The word error rate of the rate independent baseline system
of 21.3% was decreased by a relative amount of around 3% to a word error rate of 20.7%.
In order to avoid the separation of the utterances into runs and to allow for more local
variations of the speech rate in a further experiment the three sets of rate-dependent models were applied simultaneously during decoding. This is the same approach as has already
been carried out on the SLACC corpus (cf. p. 94). However, this approach did not improve,
it degraded the performance of the baseline system slightly. Thus, there seem to be systematic problems in the parallel application of rate-dependent models in order to model a more
variable rate dynamic.
To sum up, the results indicate that improvements of the recognition rate on the Verbmobil corpus due to rate variations are much harder to achieve than on the SLACC corpus.
Given the insights obtained from the acoustic-phonetic experiments on speech rate variation
as reported in chapter 3 this is an unexpected result. From those experiments one would expect that in spontaneous speech a higher degree of reduction and coarticulation occurs than in
read speech. Therefore, a modelling of rate variation should result in greater improvements
for spontaneous speech.
However, as has already been seen in the results of the SLACC corpus the improvements
on fast speech are less pronounced than those obtained on slow and average speech rates.
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Figure 7.11.: Histograms of the mean vowel durations per run for Verbmobil and per utterance for the SLACC corpus.

An analysis of the mean vowel durations in the test and training sets of the Verbmobil runs
and SLACC utterances shows that the test runs of the Verbmobil corpus exhibit a noticeably
shorter mean vowel duration than the training corpus (cf. Figure 7.11). Almost 5% of the test
runs exhibit an extremely short mean vowel duration of 3 frames which corresponds to 30
ms while almost no run in the training set has such a low vowel duration. Thus, apart from
the general tendency that the performance on fast speech is harder to improve than on slow
speech, the training material does not seem to provide enough information for the models to
adapt to very fast speech as in the test utterances.
In a comparison of the two corpora it is noticeable that the mean vowel duration of both
subsets of the Verbmobil corpus show a broader distribution than the SLACC corpus. This
reflects the general tendency of higher rate variations in spontaneous speech which may
be another reason for the smaller improvements on this corpus. The results on the SLACC
corpus showed that a division into six classes yielded an optimal performance. Given the
even larger rate variance on the Verbmobil corpus this indicates that three rate classes are too
few to obtain a reliable model of the rate variations.

7.3.4.

Data-driven Training Selection

Since the data-driven training selection on the SLACC corpus showed a strong tendency
towards an adaptation of environmental noise and gender apart from speech rate, it is interesting to analyse such a data-driven approach on a corpus with less environmental influence
and more speakers. Therefore, a similar approach was carried out on the Verbmobil corpus.
In order to reclassify the training data, a forced alignment on the runs was carried out with
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Baseline

Model driven

21.3

20.7

Re-class. Iteration
1
2
3
4
20.5 20.7

20.3

20.4

Table 7.15.: Word error rates on the Verbmobil corpus with rate-dependent models based on
a data driven division of the training data. Results are shown for three rate classes.

all three rate-dependent models. Each run was classified into the rate class of that model set
which produced the best score on the run. The parameters of the rate independent models
were then re-estimated using the Baum-Welch training procedure.
During decoding all three model sets were applied and the best scoring runs were derived
from the utterances as in the previous experiment. The results as depicted in Table 7.15
show that with the data-driven classification of the training data the improvements of the
performance approaches the significance level. After three iterations of re-classification the
rate-adapted models yield a word error rate of 20.3%. This represents a relative reduction of
4.6% of the word error rate as compared to the performance of the rate independent baseline
system.
An analysis of the VDUR values of the training runs as classified by the rate-adapted
models shows that the mean VDUR values for the runs that were selected by the fast and
average models differ only slightly with 7.7 and 8.3 frames respectively. In contrast, the
runs selected by the slow models exhibit a significant lower VDUR with 15.6 frames. The
distributions as shown in Figure 7.12 indicate that the mean vowel duration of the runs that
are selected by the fast and average models do indeed show a large overlap. In contrast, the
runs classified as slow are almost distinct from all other runs.
Since the Verbmobil corpus consists of over 650 different speakers it is unlikely that
the models have specialised on individual speaker specific characteristics as in the SLACC
experiments. However, it is possible that this data-driven approach tends to select gender
specific subsets. Indeed, an analysis of the gender of the speakers reveals that there is a
strong bias in the average models towards female speakers while the fast models show a
fast
Female
Male
Sum

avg.

slow

Sum

3,183 7,628 4,481 15,292
10,116 3,213 4,486 17,815
13,299 10.841 8967 33,107

Table 7.16.: Number of training utterances from female versus male speakers classified as
fast, average or slow according to the rate-adapted models.
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Figure 7.12.: Histogram of the mean VDUR values of training runs classified as fast, average
or slow according to the rate-adapted models.

trend for selecting utterances from male speakers (cf. Table 7.16). In contrast, the third rate
class consists exactly of 50% utterances from female and male speakers each.
Since this arrangement of the training data produces the best performance of the adapted
models the conclusion can be drawn that the gender specific characteristics of the speech
signal seem to have at least a comparably strong influence on the models than the variation
of speech rate.

7.4. Summary
In summary the results of the different sets of experiments with rate and reduction dependent
models indicate that a more detailed modelling which makes use of the systematic changes
of the acoustic characteristics in slow versus fast speech bears potentials for a more robust
modelling of the acoustic variability caused by changes of speech rate.
The most notable outcome of the experiments is the fact that the selection of the rate and
reduction dependent models during decoding performs best in most of the cases even when
compared with an optimal rate measure. From this it can be concluded that an explicit estimation of the rate or reduction during decoding is not necessary. However, first experiments
with models applied in parallel which allowed for a more dynamic change of the speech rate
proved not to be successful. Further investigations will have to show whether this is due to
a lack of restrictions in the speech rate variance or if the models are only able to capture
speech rate rather on a global level.
104

7.4. Summary
It has also be shown that rate and reduction modelling has a higher generalisation power
than an adaptation to the training speakers. While the rate adapted models still achieve a
significant decrease of the word error rate as compared to the baseline system the training
speaker adapted models show a dramatical reduction of the performance. This is an important
result because it shows that the acoustic variations based on variations of the speech rate are
easier to predict than speaker specific variations while showing at least a similar impact on
the performance of a speech recognition system.
Furthermore, the results indicate that while the performances of rate and reduction
adapted models do not significantly differ from each other, the duration based measures
model different effects than the formant based measures. This conclusion can be drawn from
the analysis of the durational parameters of the duration and coarticulation adapted models
VDUR and BCOA. However, a combination at the level of hypotheses did not show to be
beneficial. It is assumed that such a combination should be performed in an earlier stage.
Furthermore, the analysis of the test data that was modelled by the different rate adapted
models showed that the models are able to learn both centralisation and coarticulation as
measured by the rate measures VDUR and BCOA. This also indicates that the models do
indeed learn different effects. It remains open, if these effects can be combined and if this
would have an additive effect on the improvement of the performance.
The results obtained with different numbers of rate classes show that a more detailed
modelling of the speech rate variations is beneficial. While best results were obtained with
six rate classes on the SLACC corpus even more detailed models still achieve a significant
word error rate reduction in relation to a comparable control experiment.
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8. Summary
The goal of this work was to investigate new approaches and relevant aspects of known approaches to model speech rate variations based on the knowledge of the acoustic effects of the
speech signal. By realising and evaluating solutions for relevant problems of rate modelling
reliable results were obtained which point into a new direction of speech rate modelling.
The results show that there are systematic changes of the spectral features in speech rate
variations which can be captured by several measures. This indicates that a continuous and
dynamic adaptation to speech rate variations is possible.
In an analysis of the acoustic effects of rate variation on spontaneous speech a systematic
relationship between speech rate and acoustic features was shown for vowels. A decreasing
segment duration is accompanied by a reduction of the formant frequencies which consists
of a shift towards the vowel space centre and a coarticulatory shift towards the adjacent
segments. These shifts can be measured with the aid of the formant frequencies and can be
used for the modelling in speech recognition experiments.
In experiments with rate-dependent models it was shown that the modelling of the coarticulatory effects achieved the best performance along with the modelling based on the durational effects. An analysis of the performance of the classification results of rate dependent
models showed that the models adapted to coarticulation were indeed able to capture coarticulatory effects while the models based on the mean vowel duration tended to model rather
centralisational effects. These models produced the best results as compared to other measures. Therefore, it can be concluded that the effects of coarticulation and centralisation have
the greatest impact on the performance of speech recognition systems. Thus, in a robust
approach to speech rate modelling the most effective way consists of a compensation technique for both effects. This means that the rate effects have to be captured by more than one
measure. However, a combination of the models at the word level did not provide a further
increase of the performance. This indicates that the integration has to be performed at an
earlier stage.
Furthermore, the results indicate that in the decoding phase it is not necessary to provide information about the speech rate by an additional rate estimation. The rate dependent
models are able to determine the rate of the observed stretch of speech by providing the best
score for the corresponding speech rate.
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It was shown that rate modelling benefits from a more detailed modelling scheme. Thus, a
finer granularity still obtains a sufficient generalising power. However, an increasing number
of rate classes decreased the performance of the pre-classification. This indicates that a datadriven approach is required in a modelling scheme where rate is adapted in a continuous
way rather than in discrete rate classes. Consequently, a new approach should combine the
data-driven approach with a continuous rate modelling.
The impact of the variations of the speech rate on the acoustic properties is comparable to
that of noise or speaker variations. While this indicates on the one hand that the degradations
are severe it shows on the other hand that speech rate modelling bears a high potential in the
pursuit of more robustness in speech recognition.
An important result is the finding that an adaptation to different speech rates has a substantially higher generalising power than the adaptation to an equal number of training speakers. Thus, the variations that are caused by speaker specific characteristics are more heterogeneous than those caused by speech rate variations. This is mirrored in the results which
showed that the characteristics of very detailed rate classes can be learned even from a small
set of training samples. This indicates that the underlying effects of rate variations are indeed
systematic.
All results confirmed the well known effect that the performance on fast speech is far
more difficult to enhance than that on average or slow speech. While the highest performance
increase was achieved for an average speech rate where the word error rate was reduced
by up to 12.1% the gain for the fastest speech did not exceed 5.7%. The maximal relative
improvement of the slow models went up to 11.0% which shows that the most problematic
rate class is fast speech.
This result can be explained with the insights provided by the acoustic analysis of different rate classes. According to these results fast speech is characterised by more heterogeneous features. The heterogeneity of the fast features can be explained with the increasing
influence of coarticulation. This means that if the coarticulatory influence on a phone class
is relatively homogeneous – as it is for example in a triphone where the context is restricted
to one phone on each side of the basis phone – the features of this class should be less heterogeneous even in fast speech. The problem encountered by rate-dependent models is that
not all of these classes can be adapted reliably due to sparse data.
The beneficial effect of rate modelling proved to be more pronounced on a smaller corpus
of read speech. The improvements that could be achieved on a large corpus of spontaneous
speech are comparatively small. A comparison of the distributions of the speech rate in both
corpora revealed that the spontaneous speech corpus showed a larger range of the rate and
a discrepancy between the training and the test set. The test set of the spontaneous corpus
showed higher speech rates than the training set. This indicates another problem of the ap-

108

proach of rate-dependent models. If the training data does not provide enough examples of a
certain speech rate no adaptation can be performed on this rate. However, if the systematics
of the change can be extracted from the training corpus, the effects of unseen speech rates
could also be predicted.
To sum up, in this work a framework was realised which allows the systematic investigation of the influence of speech rate variation on the acoustic modelling in speech recognition
systems. It has been shown that by systematically evaluating solutions to relevant problems
a series of parameters can be determined for a more general and substantial framework of
rate modelling. The results indicate that not only systematic effects occur in the spectral features of speech due to speech rate variations but also that these effects can be captured and
modelled effectively. In order to develop an integrated system which reliably models rate
variations, this implies that a continuous modelling of the rate is possible by extracting the
characteristic transformation from the training samples. These results are a substantial step
towards an effective modelling approach of speech rate variation and provide a solid base for
future work on speech rate modelling.

109

8. Summary

110

Bibliography
[Ass49]

International Phonetic Association. The principles of the International Phonetic
Association (being a description of the International Phonetic Alphabet and the
manner of using it). International Phonetic Association, London, 1949.

[Ayl00]

M. P. Aylett. Stochastic suprasegmentals: relationships between redundancy,
prosodic structure and care of articulation in spontaneous speech. PhD thesis,
University of Edinburgh, 2000.

[Bar98]

B. Barry. Time as a factor in the acoustic variation of schwa. In Proc. Int. Conf.
on Spoken Language Processing, pages 3071–3074, Sydney, 1998.

[CY90]

J. Clark and C. Yallop. An introduction to Phonetics & Phonology. Blackwell,
Oxford, 1990.

[Del69]

P. Delattre. An acoustic and articulatory study of vowel reduction in four languages. Int. Review of Applied Linguistics in Language Teaching, 7:295–325,
1969.

[Fan70]

G. Fant. Acoustic Theory of Speech Production. Mouton, The Hague, 2nd
edition, 1970.

[Fin99]

G. A. Fink. Developing HMM-based recognizers with ESMERALDA. In
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Symbol

Word

Transcription

[p]
[b]
[t]
[d]
[k]
[g]

Pein
Bein
Teich
Deich
Kunst
Gunst

[paIn]
[baIn]
[taIC]
[daIC]
[kUnst]
[gUnst]

[f]
[v]
[s]
[z]
[S]
[Z]
[C]
[j]
[x]
[h]

fast
was
Tasse
Hase
waschen
Genie
sicher
Jahr
Buch
Hand

[fast]
[vas]
[ta!s@]
[ha: z@]
[va!Sn]
[Ze ni:]
[zI!C6]
[ja:6]
[bu:x]
[hant]

[m]
[n]
[N]
[l]
[r]

mein
nein
Ding
Leim
Reim

[maIn]
[naIn]
[dIN]
[laIm]
[raIm]

Boundaries

Schwa Sounds

Tense vowels

Lax vowels

Symbol Word
[I]
[E]
[a]
[O]
[U]
[Y]
[9]

[i:]
[e:]
[E:]
[a:]
[o:]
[u:]
[y:]
[2:]

[@]
[6]

#
!

Transcription

Sitz
Gesetz
Satz
Trotz
Schutz
hübsch
plötzlich

[zIts]
[g@ zEts]
[zats]
[trOts]
[SUts]
[hYpS]
[pl9ts lIC]

Lied
Beet
spät
Tat
rot
Blut
süß
blöd

[li:t]
[be:t]
[SpE:t]
[ta:t]
[ro:t]
[blu:t]
[zy:s]
[bl2:t]

bitte
besser

[bI!t@]
[bE!s6]

Word boundary
Syllable boundary
Ambi-syllabic boundary
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Index
allophone, 6
articulation, 6
articulation rate, 27
articulator, 7
articulator speed, 27
articulatory-acoustic relationship, 9–11
assimilation, 12
Baum-Welch algorithm, 22
bigram, 15
cepstrum, 17
Channel Model, 14
coarticulation, 11, 12
consonant, 7
enrate, 48
formant, 9, 16
frame rate, 16
fundamental frequency, 7
harmonics, 8, 17
Hidden Markov Models, 18
continuous, 19
semi-continuous, 19, 20
HMM, see Hidden Markov Models
International Phonetic Alphabet, 6
IPA, see International Phonetic Alphabet
language model, 15
mel-spectrum, 16
MFCC, 16
mrate, 48
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phone, 6
phone rate, 48
phoneme, 5
rate-dependent models, 52
runs, 28, 99
SAMPA, see Speech Assessment Methods
Phonetic Alphabet
Source Filter Model, 7
speaking rate, 27
spectrogram, 8
spectrum, 8
Speech Assessment Methods Phonetic Alphabet, 6
speech rate, 27
spurts, 57, 99
target undershoot, 30
locus, 30
target, 30
triphone, 18
Viterbi algorithm, 21
vocal tract, 6, 7
vowel, 7
vowel space, 10–11
word error rate, 23

