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ABSTRACT
With the progress of speech synthesis towards the
development of complete TTS systems, the databases of
speech synthesizers obtain more and more similarity with
databases of speech recognizers. This offers new
possibilities in combining systems for speech synthesis
and recognition. In a new project, we are developing a
speech dialogue system with the synthesis and
recognition components using unified databases. In this
paper, we describe the aim of the project, the framework of
the system and first results at the acoustic and the word
level.

1. MOTIVATION
With the progress of speech synthesis towards the
development of complete TTS systems, the databases of
speech synthesizers obtain more and more similarity with
databases of speech recognizers. The simple database of
early synthesizers consisting of a collection of speech
segments described in a suited manner, was
complemented by pronunciation dictionaries and a system
of rules for generating the prosody. This process of
convergence which is not finished at all seems to offer
new possibilities in combining systems for speech
synthesis and speech recognition. Considering this
tendency in a new project, we are developing a speech
dialogue system with the synthesis and recognition
components using unified databases. The project
continues our activities in developing the multilingual
TTS system DreSS [1].
The project is aimed to improve our capabilities in
education as well as in research:
•

•

Research: We are going to develop an experimental
tool to improve the insight in the interrelationship of
synthesis and recognition during the dialogue act.
This very general goal includes a number of
interesting details which will be discussed below (cf.
3.).
Education: It is not only necessary to understand but
also to explain the speech dialogue process better.
Web based methods are the ideal support for

teaching speech technology. With our project, we
want to extend our activities which started with a
web-based project in teaching speech synthesis [2]
to a larger area. This includes some additional
problems in software technology which are discussed
in [3].
This paper describes the current status of the project.
Until now, we developed the “acoustic component” which
is limited by the phoneme level.

2. PROPOSED FRAMEWORK
The framework of our system is shown in Figure 1. On the
left-hand side, from bottom to top, the speech recognition
process is shown. The speech synthesis path is
represented by the right-hand side, from top to bottom. At
each level of processing, the components use common
databases.
The modular software structure of the framework enables
flexible application of different algorithms. The algorithms
which were selected for the first version will be discussed
below.
During the recognition process, prosodic information is
separated from the data flow. It is known that this
information may be very helpful in improving the
recognition result. In the case of synthesis, this
information has to be added again. This process is crucial
for the naturalness of the synthesized speech. Because of
these reasons, the modules that are dealing with
intonation and time structure will act as essential control
elements of the framework.

3. RESEARCH GOALS
3.1 Speech Recognition
Speech recognition is frequently stated to be a solved
problem. Many systems show impressive results indeed.
Compared with the human recognition performance,
however, recognizers show worse results especially in
non-laboratory environments [4]. This situation has not
changed during the last few years. Recently, we

conducted a detailed performance analysis of 10 state-ofthe-art German dictation systems [5] for a computer
journal. The investigation resulted in an overall word
recognition rate of 85.6 % average with only low
differences between the systems.
The question why speech recognizers produce errors is
not answered satisfactory until now. This is due to the
complexity of the systems which makes tracing of
observed errors a complicated task. One of the few
available analyses is given in [6]. Even in this
investigation, a considerable part of errors (21.5 %)
cannot be interpreted.
The method of “Analysis by Synthesis ” may be used to
evaluate the performance of the recognition process in
detail. This is the main goal of our system. It allows an
inverse function of the recognizer which will contribute to
an optimum selection of feature extraction methods, word
and language models, etc.

Figure 1: Framework of the integrated system for speech analysis and synthesis.

3.2 Speech Synthesis
The performance of TTS systems seems to approach a
stable but insufficient level also. Listeners are judging the
overall impression of the quality of synthesized speech
around the mean between 0 and the judgment of natural
speech [7].
One way to improve the quality of synthetic speech is the
corpus based synthesis. This situation is parallel to
speech recognition where the application of huge
databases leads to the situation that the system has seen
every possible phrase during the training phase [8]. In
this way, an optimal relation between expense and
performance will be obtained neither in recognition nor in
synthesis.
We suppose that our integrated approach for synthesis
and recognition will be helpful in investigating new
algorithms for TTS also. Obviously, the idea to treat the
synthesis process as an inverse problem of feature
extraction will be useful not only for performance analysis
of speech recognizers but also in developing synthesis
algorithms. The idea of the so-called HMM synthesis
arised at the end of the 1980’s (e. g., [9]) and was
developed by a Japanese group (summarized in [10]). This

approach is basing on a MLSA (mel log spectrum
approximation) filter [11] which serves to invert the
extraction process of mel-cepstral parameters. A similar
method has been applied to the Czech language also [12].
The inversion of other feature extraction algorithms was
discussed in the literature, e. g. [13] for the FTT. For our
first experiments with the integrated system, the melcepstral parameters have been preferred also because
they show good results in speech recognition as well.
The implementation of the synthesis component of our
system is discussed in more detail in [14]. Below, we want
to describe the structure and the training process of the
unified databases which we use on the phoneme level
utilizing stochastic Markov graphs (SMG) and on the
word level utilizing a pronunciation dictionary which is
generated by a data driven method.

4. STOCHASTIC MARKOV GRAPHS
We use stochastic markov graphs (SMG) instead HMMs
[16] for the acoustic modeling of phones. These models
are used in both, speech synthesis and speech
recognition. SMGs were first introduced in [15] for the
recognition task. The advantage of using SMGs lies in
their enhanced capability of modelling trajectories in the

feature space. However, a powerful prediction of feature
trajectories is even more important for synthesis. Our
trainings procedure resembles the procedure described in
[15]. We use 3 state forward connected HMMs with
mixtures of four Gaussian distributions as starting point
for building the SMGs. We convert an HMM into a SMG
by creating a separate node for each base function of the
mixture represented by each HMM state. The base
functions and graph structures of the resulting models are
obtained using the Viterbi training algorithm. In our first
experiments we used 3.5 hours of labeled speech for
training.

Figure 3: Spectrum of synthesized signal for the
German sentence /Die Voegel singen im Garten./

Figure 4: Spectrum of signal resynthesized from
MFC parameters.
We obtain the control parameters, like duration and
fundamental frequency, from our multilingual TTS system
DreSS. Figure 3 shows the spectrum of the synthesized
German sentence /Die Voegel singen im Garten./. The
original signal, resythesized from MFC parameters, is
shown in Figure 4.

Figure 2: SMG model of phoneme /i:/
During the training not only the distributions of the states
are reestimated but also the transition probabilities
between SMG states. After the actual training we prune
the structure of the SMGs by deleting all transitions that
are less probable than a certain threshold and by
removing thereby nascended dead paths. Figure 2 shows
an example of a trained SMG model for phoneme /i:/
(pruning threshold: 0.07).
To synthesize speech from the SMG models we
implemented an algorithm for extraction of the appropriate
feature vector sequence depending on a given target
phone duration, i.e. the number of feature vectors to be
produced. The selection algorithm finds the best path
through the model by considering the self-transition
probabilities for modeling the state durations within the
model. The resulting parameter sequence is synthesized
by a MLSA filter [11].

Informal tests showed that the quality of synthesized
speech using SMGs is slightly better than speech
synthesized using HMMs. The resulting speech is
intelligible but still lacks naturality of the original signal.
For the recognition task we used a hypotheses based
approach. Hypotheses on phones are generated by
comparing the feature vector sequence of a speech
sample with the parallized SMG model by means of a DP
search. The generation of hypotheses is subject to certain
restrictions of start and ent time, duration and emission
probability (see [18]). The recognition accuracy is
calculated by comparing the hypotheses lattices with the
original label sequence. An overview of the algorithm is
given in Figure 5.

Figure 5: Training of SMGs and application in a
hypotheses based phoneme recognizer

speech samples in the training set. In a second stage,
these lattices are compared with a pronunciation model of
the speech sample which is assembled from a initial
canonical lexicon, or from a previous training iteration,
according to the orthographic transcription of the speech
sample. Insertions and omissions are explicitly modeled
by additional edges in the pronunciation model.
Comparison of the phoneme hypotheses lattice and the
pronunciation model takes place by a two dimensional DP
search which is capable of finding the most probable
common path through two graphs. In most cases there
will not be an exact match between the two graphs. The
deviation between the graphs describe unseen
pronunciation variants. The search yields the minimum set
of nodes and edges which have to be added to the word
models in the lexicon in order to incorporate the new
found pronunciation variants. After a training session we
post-process the obtained lexicon in order to remove
statistically irrelevant variants. A discussion of
experiments with this dictionary training approach can be
found in [17].

6. CONCLUSION

To evaluate the suitablility of the chosen Mel-CepstralAnalysis we trained two sets of SMG models, one using
the MFC parameters and one using a 30 channel Mel-filter
bank. The speech signal was sampled at 16kHz and
windowed by a 25 ms Hamming window with 5 ms shift.
The feature vector consists of 63 parameters including
energie coefficient, their delta and delta-delta coefficients.
After feature extraction the dimension of the feature
vector was reduced to 24 parameters by decorrelating the
features and omiting axes with minor variance. The
experiments showed a similar recognition rate for model
trained with MFC parameters and those trained with Melfilter parameters.

We introduced an architecture for a unified speech
recognition / speech synthesis system. In a first step we
implemented stochastic markov graphs as acoustic
models. Synthesis experiments as well as recognition
experiments proofed the suitability of these models for
both tasks. On word level we use a automatically trained
variant lexicon for recognition and for the graphem to
phoneme conversion in the synthesis task.

5. THE PRONUNCIATION DICTIONARY
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