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Abstract
Several specific tasks in the field of text-to-speech synthesis re-
quires a huge amount of labeled speech corpora. Mostly, these
labels correspond to phone marks aligned on the speechwave-
form. Different kind of solutions have been applied to this pro-
blem from rule-based systems to stochastic-based ones. We va-
lidate here a solution based on Hidden Makov Models. Various
test configurations are proposed. At the acoustic level, we com-
pare LSP to MFCC coefficients and the fitness of multigaussians
for this segmentation task. At the topological level, we compare
standard left-to-right models to phonological dependent topo-
logies. The best configuration we found is related to an MFCC
analysis with standard left-to-right models and with diagonal
multi-gaussians per state. For this configuration the overall root
mean squared error on the test database is18� 0:3 ms within a
99% confidence interval.

1. Introduction
Current Text-To-Speech synthesis systems based on acous-

tic units contacatenation inflate the need of continuous speech
corpora. These databases are used to define the acoustical and
prosodic specificities that will characterize a new synthetic
voice.

Moreover, a new generation of TTS systems are based on
statistical models for the acoustic as well as the linguistic pro-
cessing. These approaches require databases of important size ;
the information is usually used in a learning stage to define the
parameters of the models. These corpora are mostly continuous
speech databases corresponding to several hours of recording.

A crucial point in the development process of such a speech
database relates to the annotation of this one in phonetic labels.
It is a question then of finding on the speech signal the precise
instants of beginning and ending of the acoustic segment cha-
racterizing a phone pronounced by a speaker giving his voice to
the synthesis system.

On this subject, the literature generally considers this pro-
blem of annotation as a problem of segmentation given the exact
sequence of phonetic labels. If this checking is possible for data-
bases of relatively modest size, it is on the other hand tile consu-
ming for databases whose duration is higher than 4 or 5 hours.

The work presented here is a part of a vaster project. It
relates to the annotation of spontaneous continuous speech in
the context of dialogue systems. We take for methodological
assumption that the phonetic chain pronounced by the spea-
ker will not be a priori known by the system. This problem
concerns therefore the segmentation of the speech signal into
phones from text.

In a preliminary phase which relates to this article, we were
interested to develop a speech segmentation system correspon-
ding to the “state-of-the-art”. We obviously start from already
undertaken work on this subject. We choose hidden markov mo-
dels (HMM) as the formal framework for this study.

The experiments we propose answer assumptions formula-
ted on two different levels : acoustic modelling and topological
definition of the hidden markov models.

With regard to the acoustic plan, the signal analysis model
most often used in the speech recognition field remains that of
Mel Frequency Cepstrum Coefficient, MFCC. Applied to this
task of segmentation, we propose to compare the MFCC with a
Line Spectral Pair, LSP, model of the speech signal.

With regard to the topological plan, we propose to evaluate
standard left-to-right models with HMM topologies refined ac-
cording to the phonetic level of speech. Moreover, we will eva-
luate the interest of multigaussians for this segmentation task.

2. Continuous speech segmentation system
2.1. Acoustic analysis

2.1.1. LSP

The Line Spectral Pairs, LSP, were introduced by Itakura
[1] as an alternative to Linear Predictive Coding, LPC, repre-
sentation. Generally, LSP are less sensitive to the quantization
process than LPC, moreover, they have good interpolation pro-
perties. The LSP have already been applied to speech synthesis,
speech recognition [2] [3] , and to the speaker verification [4].
These observations led us to evaluate the using of LSP in an
automatic speech segmentation task.

The 16 kHz sampled speechwaveform is pre-emphasized
using a first-order FIR filter of the formH(z) = 1� 0; 97z�1.
The LSP coefficients are deduced from the LPC coefficients
computed every 5ms in a 20ms Hamming window width [5].
The energy of the frame is appended to the LSP. Next, the first
and second derivatives of LSP and energy, are computed by a
fourth order linear regression. These coefficients are appended
onto the static LSP vector.

2.1.2. MFCC

As for LSP, the Mel-Frequency Cepstral Coefficients,
MFCC, are computed every 5ms on a 20ms Hamming window
width applied on the pre-emphasized speechwaveform (pre-
emphasis coefficient = 0,97). The MFCC are obtained from a
24 channels filterbank on the Mel-scale frequencies. The nor-
malized logarithm of the energy of the frame is appended to
MFCC. The first and second derivatives of MFCCs and energy,
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computed by a fourth order linear regression, are appended onto
the static MFCC vector.

2.2. Hidden Markov Models

The phonetic segmentation is the operation which trans-
forms a speech representation into a sequence of adjacent seg-
ments. These segments coincide with the phones which consti-
tute this utterance. The boundaries of these segments represent
the boundaries of the phones. Until now, the most effective me-
thods of segmentation are based on Hidden Markov Models.
Each phone is associated to an HMM whose parameters are es-
timated by the Baum-Welch algorithm to maximize the likeli-
hood of the observation sequences of this phone.

The segmentation is conducted using the Viterbi algorithm
to compute a forced alignment of the HMM sequence built from
the phonetic transcription of the utterance, on the sequence of
observation vectors of this utterance. The transition between
two successive HMM correspond to the transition between two
phones.

2.3. System description

The segmentation system presented here was developed
with the HTK Toolkit [6].

The system design starts with the preparation of the data
files : computing acoustic vectors, and conversion of the label
files to HTK format.

Afterwards, it is necessary to define for each phone the to-
pology of its HMM. It results in 36 context-independent phone
models : 34 phone models for the French language, a pause mo-
del between two words (this model includes an empty transi-
tion), and a silence model for the beginning and ending of each
sentence.

The learning of the parameters is performed by two succes-
sive stages. For each phone, the HMM parameters are initiali-
zed by an iterative procedure which uses the Viterbi algorithm.
These parameters are then optimized using the Baum-Welch al-
gorithm in an iterative reestimation. Manual segmentations on
the learning set sentences are used to extract the acoustic seg-
ments correponding to the realizations of a given phone.

The segmentation is performed on the test set applying a
Viterbi algorithm to find the most probable phone boundaries.

3. Evaluation methodology
This section describes the experimental protocol of this

study. It is articulated around three experiments : ”Acoustic”,
”Multi-Gaussians”, and ”Topology”. For each experiment, pa-
rameters of the models are optimized on a learning database
and the segmentation is evaluated in calculating the differences
between automatic and manual segmentation on a test set. This
strategy is repeated for the nine learning and test databases.

3.1. Learning and test databases

The database used in this work, developed by France
Télécom R&D, is made of 600 speaker-dependent sentences.
The duration of the overall recording is about one hour. For
each sentence, we have the French text, the 16kHz sampled si-
gnal quantized on 16 bits, and the phonetic segmentation in 36
phones, manually performed by an expert.

The learning set is made of 400 sentences randomly se-
lected from the whole database. The 200 remaining sentences
define the test set. This operation is iterated 9 times to obtain

9 different learning sets and the 9 correponding test sets. This
stategy will make possible to perform 9 segmentation tasks for
each system evaluation. This experimental procedure will pro-
vide average statistics using a99% confidence interval.

3.2. The ”Acoustic” experiment

In this experiment, we stress the evaluation of the segmen-
tation system according to the static and dynamic components
of the LSP representation. For that, we will use the following
LSP acoustic vectors : d=13 (13 LSP), d=14 (13 LSP ; E), d=28
(13 LSP ; E ; 13�LSP ;�E) et d=42 (13 LSP ; E ; 13�LSP ;
�E ; 13��LSP ;��E), where d represents the dimension of
the acoustic vector.

For each vector configuration, the segmentation scores will
be compared between the LSP acoustic coefficients and their
MFCC counterparts.

All phones are represented by HMM having an identical to-
pology. This topology consists in a three-state left-to-right mo-
del, with no skip between states. As the LSP coefficients are
correlated, each state of these models has a distribution of pro-
bability represented by a single gaussian with a full covariance
matrix.

We perform the segmentation experiments with these
HMM, for the various acoustic vector configurations.

For the two next experiments, we will only keep the pair
of LSP and MFCC representation which will give the best seg-
mentation results.

3.3. The ”Multi-Gaussians” experiment

We intend now to study segmentations using HMMs having
mixtures of gaussians with diagonal covariance matrices.

These distributions, like those represented by gaussians
with full covariance matrices, allow to model the correlations
of the acoustic coefficients, but reducing the number of parame-
ters in the case of multi-gaussians.

As in the previous experiment, each phone model is a three-
state left-to-right HMM, with no skip between the states. Ini-
tially, each state has a distribution of probability represented
by a single gaussian with a diagonal covariance matrix. The
learning procedure is performed with this configuration. We
then gradually increase the number of components in each mix-
ture, having successively two, four, and finally six gaussians per
state.

During the learning phase of this system, athe initial values
of the parameters for the current configuration use the trained
values of the previous configuration [Woodland93].
Then, we perform a segmentation of the test database sentences
for all of these configurations.

3.4. The ”Topology” experiment

This third experiment consists of testing models whose to-
pologies are different from the previous one. We will perform
this experiment with the best LSP and MFCC configuration
found i nthe previous experiment.

For each phone, we define an HMM whose topology takes
into account the phonological features of this phone, and the
nature of the segmentation task.

All the models are composed of an input state, an output
state, and one or two intermediate states. If the models contain
a sufficientnumber of intermediate states to capture the acoustic
characteristics of the phones, then this modeling can improve
the accuracy of the segmentation [boeffard93]. The number of
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intermediate states of a phone model is then equal to the number
of ”quasi-stationary” phases constituting the central part of this
phone.

For each model, the distribution in the input or output state
is represented by a single gaussian with a diagonal covariance
matrix. The intermediate states distributions are represented by
mixtures of gaussians with diagonal covariance matrices, whose
size is depending on the phonological features of the broad pho-
netic class of each phone. The segmentation is evaluated on the
test database.

4. Results
We present now the results of the experiments described in

the previous section. The segmentation scores, computed on the
test database, are presented in average RMS values in a 99%
confidence intervals.

4.1. The ”Acoustic” experiment

Figure 1 represents the average RMS differences and confi-
dence intervals, between the manual and the automatic segmen-
tations, for the different LSP and MFCC acoustic vectors.

The segmentation score of the 13 ”rough” LSP coefficients
(d=13), is relatively poor compared with the score of the 13
MFCC. The difference between the two scores is on average
equal to 2,8ms.

The introduction of the energy term (d=14) improves in an
appreciable way the segmentation score of the LSP representa-
tion. It is in this case equivalent to that of the MFCC represen-
tation, since the confidence intervals of the two scores intersect.

The dynamic coefficients, when appended in the two
acoustic representations, improve their respective segmentation
scores, but in a less clear way for the LSF representation. For
d=28, the difference between the two scores is on average equal
to 1,8ms, infavour of the MFCC representation. Furthermore,
we notice the little contribution of the second derivatives of the
static coefficients, as well for the LSP representation as for the
MFCC representation.

To explain this result, we calculated the correlation matrices
of the two acoustic representations, on the whole speech data-
base. The results show, almost negligible correlations between
the static coefficients and their first derivatives, and correlations
of about 60% between the static coefficients and their second
derivatives. This result justifies, in our opinion, the relatively
low contribution of the second derivatives of the static coeffi-
cients.

Consequently, in the two next experiments, the acoustic
vectors of LSF and MFCC representations will only be com-
posed of the static coefficients and their first derivatives (d=28).

4.2. The ”Multi-Gaussians” experiment

Figure 2 represents the average RMS segmentation diffe-
rences and their confidence intervals according to the number
of Gaussians with diagonal correlations per state (the parame-
ters number of all HMM), and thus for the LSF and MFCC re-
presentations composed of the static coefficients and their first
derivatives (d=28).

The results indicate that, for a single Gaussian per state, the
MFCC representation consistently outperforms the LSF repre-
sentation.

By increasing the number of Gaussians per state, we notice
the decrease of the LSP representation errors until four gaus-
sians per state. Under that point, the slope of the LSP errors
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FIG. 1 –Test sets average RMS differences and their 99% confi-
dence intervals for the various LSP and MFCC representations.

is closed to the MFCC configuration. The slope of the MFCC
errors is less abrupt than the LSP case.
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FIG. 2 –Test sets average RMS differences and their 99% confi-
dence intervals according to the number of gaussians per state.

4.3. The ”Topology” experiment

Table 1 gives the average RMS segmentation differences
and their confidence intervals for the system using HMM whose
topologies are based on the phonological features of the phones.
The LSP and MFCC representations are made of static coeffi-
cients and their first derivatives (d=28).

The comparison between these results and those obtained
with the system tested in the ”multi-Gaussians” experiment,
show that the segmentation scores of HMM with a single to-
pology are much better than those of HMM differentiated by
phonological criteria.

Indeed, the number of parameters for HMM differentiated
by phonological criteria is higher than the number of parameters
number for HMMs with a single topology and one gaussian by
state ;
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Finally, we notice the relatively poor segmentation score of
the LSP representation compared with that of the MFCC repre-
sentation.

TAB. 1 –Test sets average RMS differences and their 99% confi-
dence intervals for the ”topology” experiment.

RMS (ms)

LSF 23.6� 0.3
MFCC 20.7� 0.7

5. Conlusion
This study allowed the evaluation of LSP coefficients for

the phonetic segmentation of continuous speech databases. The
comparison between MFCC and LSF coefficients, showed ove-
rall modest scores of segmentation for LSF coefficients. These
scores have to be related to the degree of correlation between
the LSF coefficients.

We also made a comparison between the use of HMM mo-
dels whose topology is related to the phonetic level and standard
left-to-right models. There is no significative improvment to use
fine tuned topologies depending on broad phonetic class.

The best configuration we found is the one consisting of
using 3 states left-to-right models with loops on all the states, 6
multi-diagonal gaussians per state and MFCC coefficients. With
this configuration the overall result is18�0:3 ms of RMS error
segmentation with a99% confidence interval.
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