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ABSTRACT

This paper introduces recent speech recognition techniques, especially those for coping
with the coarticulation and speaker variability problems, based on the concept of spectral
space clustering. Spectral space clustering, that is, the vector quantization technique, was
originally proposed to reduce memory capacity, transmission rate, and amount of
computation. The concept of spectral space clustering has additionally created interesting
and important techniques such as quantitative representation of coarticulation mechanisms
based on phoneme environment clustering and automatic mapping of codebook entries for a
new speaker. This concept is expected to continue to play an important role in speech
recognition.

1. INTRODUCTION

How to deal with spectral variations due to coarticulation and individuality continues
to be an important problem in speech recognition. Coarticulation is the phenomenon in
which phoneme spectra vary with phoneme context, including adjacent and more distant
phonemes. A large number of researchers are involved in HMM and neural net techniques.
These techniques can cope with this problem to some extent, although they cannot
completely solve it.

Clustering in the spectral space, that is, vector quantization (VQ) discretely represents
the spectral space. This technique was proposed a long time ago to reduce memory
capacity, transmission rate and the amount of computation, and it has since played important
roles in speech coding and recognition areas. These kinds of quantitative reduction are
achieved by this technique for two reasons. First, the spectral distribution of speech waves
is continuous but not homogeneous. Second, the human auditory system is not sensitive to
small spectral variations.

In addition to the quantitative reduction, the concept of spectral space clustering has
produced various important techniques for solving the coarticulation and individuality
problems. This paper introduces recent speech recognition techniques based on the concept
of spectral space clustering, and describes future perspectives.

2. SPECTRAL SPACE CLUSTERING

Spectral space clustering is closely related to the problem of creating fundamental
units for speech processing. It is desirable for the fundamental units to be characterized as
not only linguistic units but also physical units (clusters), perceptual units and articulatory
units for speech production, as shown in Fig. 1. Establishment of fundamental units is a
basic and crucial problems in speech recognition, especially for realizing large vocabulary,
continuous speech recognition systems.

Table 1 shows the categorization of spectral space clustering methods. These methods
can be classified into two categories: whether linguistic (phonetic) labels for each spectral
pattern are considered in the clustering procedure or not. The clustering methods can also
be classified as static or dynamic. The static method simply clusters the observed
instantaneous spectra or spectral time series. The dynamic method extracts time functions
of categorized spectra which are supposed to be perceived by the human auditory system, by
means of a spectral target-estimating mechanism based on spectral dynamics. It has been
experimentally confirmed that the human auditory system is highly sensitive to spectral
transition [1].
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Linguistic units Perceptual units

Syllables: /pa/, /no/, -
Phonemes: /p/, /n/, /al, -

Distinctive features:
vocalic, consonantal, -
Predicted targets

Fundamental units
for speech processing

Articulatory units Physical units

Location and movement
of jaw, tongue, -

Vector quantization
Matrix (segment)
quantization

Fig.1 - Various aspects of fundamental units for speech processing.

Table 1 - Classification of spectral space clustering methods.

Static clustering Dynamic clustering

Phoneme segment

Labeled model
clustering
{Top-down) Phoneme environment
clustering
Vector quantization Target prediction
Un-labeled
clustering

Matrix (segment)

(Bottom-up) quantization
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3. SPEECH RECOGNITION BY SPECTRAL SPACE CLUSTERING
3.1 Recognition Based on Unlabeled Clustering

Speech recognition methods using pseudo-phoneme reference template created by
unlabeled clustering (VQ) can be traced back to research at IBM [2] and CMU (3] and to the
SPLIT method by NTT [4][5]. In these systems, VQ was important in effectively reducing
memory capacity and computation amount while maintaining high recognition accuracy. The
methods of preselecting candidate words based on VQ distortion values calculated using
word-specific codebooks were also proposed [6][7]. The VQ is also playing an important
role in simplifying HMM-based methods. Recently a neural-net-based VQ technique has also
been proposed [8].

Matrix quantization (MQ) or segment quantization (SQ) is the process of collectively
encoding a time series of spectral patterns for a certain period using a single code. This
technique has also been applied to speech recognition [9].

Since, in these methods, the codebooks are created based simply on physical features
without considering linguistic labels, it is usually difficult to find a correspondence between
each codebook element and phoneme class after clustering.

3.2 Recognition Based on Labeled Clustering

Recognition methods using spectral segments created through labeled spectral
clustering have also been investigated [10] [11]. Each codebook element is therefore
phonetically labeled in these methods. Figure 2 shows a block diagram of a word spotting
system in which 750 labeled phoneme segments are used [10]. The variety of phoneme
(allophone) segments is empirically determined by considering various kinds of coarticulation
knowledge and spectral distance relationships between allophonic variations. Since each
segment is labeled by phoneme environment comprising preceding and succeeding phonemes,
each word reference template can be automatically created by concatenating phoneme
segments according to orthographical phoneme representation. Then each word template is
further expanded into a tree structure in accordance with phonetic rules to cope with
phonetic variations such as long vowels and devocalized vowels. Word spotting is performed
using continuous DP matching between continuous input speech and each tree-structured
word template.

Phoneme segment generation using continuous speech as training samples, that is,
spectral sequence clustering for continuous speech under contextual restriction, is
accomplished by an automatic iterative labeling procedure utilizing the word spotting
system. Initial segments for the iteration are given by manual labeling. Experimental
results show that word spotting accuracy obtained by this system is almost-equal to that
obtained using word-based reference templates.

Continuous speech recognition using phoneme segments generated by applying heuristic
rules to a labeled speech database and modeled by HMM, has also been investigated at
several research laboratories [12][13]. Experimental results indicate that a
context-dependent phoneme model that takes coarticulation (adjacent phonemes) into
account is highly effective.

3.3 Phoneme Environment clustering

The factors affecting the variation of phoneme spectra, which we call phoneme
environmental factors, include not only coarticulation but also many other phenomena, as
shown in Fig. 3 [14]. The relationship between environmental factors and spectral variation
has been investigated based on a mathematical clustering algorithm using a speech database,
without relying on empirical knowledge. The database consists of spectral segments labeled
by principal environmental factors. Clustering of phoneme spectral variation taking the
environmental factors into account, in other words, the clustering of environmental factors,
produces mapping between phoneme environment space and physical parameter space. The
former abstract space is constructed by linguistic symbols, that is, phoneme symbols and
environmental factors, and the latter physical space is constructed by spectral parameters,
as shown in Fig. 4.

In the phoneme environment clustering algorithm, the phoneme environment space is
divided into a specified number of subspaces (or clusters) so that the total distortion
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Fig.2 - Block diagram of a word spotting system using spectral segments created by labeled
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resulting from mapping between subspaces and parameter space is minimized. The distortion
associated with each subspace is defined as the distribution of mapped speech samples
(images) in the parameter space. The actual procedure is realized by successive splitting of
the phoneme environment subspace whose images have maximum distortion in the parameter
space. If enough training database is available, the phoneme spectrum of any phoneme
environment is expected to be estimated, within a certain tolerance, by this algorithm.
Results of an experiment in which this algorithm is applied to a phoneme-based word
recognition system have confirmed its effectiveness. Figure 5 shows an example of a
phoneme environment subspace tree obtained by applying this method to a 216-word

database.

4. SPEAKER ADAPTATION

Algorithms for adapting speech recognition systems to a new speaker have recently
been proposed based on the concept of mapping VQ codebook elements. These algorithms
can be classified as supervised, in which pre-determined training utterances are used to
determine the mapping rules [15], and unsupervised, in which arbitrary utterances can be
used for training [(17][18]. In the supervised algorithm, codebook elements are adjusted to a
new speaker based on rules obtained through DTW (dynamic time warping) or HMM fitting
processes between the new speaker's utterances and reference templates.

In the unsupervised algorithm, which was originally proposed for a segment vocoder
[19], a set of training utterance spectra and the codebook entries are clustered
hierarchically. Based on the deviation vectors between centroids of the training clusters
and the corresponding codebook clusters, adaptation is performed hierarchically from a small
to a large number of clusters, that is, from phoneme-independent individuality to
phoneme-dependent individuality. Spectral resolution of the adaptation process is improved
accordingly. Figure 6 shows a block diagram of this method. The continuity of spectral
space is taken into account in determining the shifting vector for each codebook entry, as
shown in Fig. 7.

This method was evaluated by recognition experiments using utterances of 100
Japanese city names. Speech waves .were analyzed using cepstrum and Acepstrum.
Codebook and multiple word templates were constructed using utterances by four reference
speakers. Figures 8 and 9 indicate a decrease in spectral distortion for a new speaker with
increase in numbers of clusters using 10 arbitrary training words. The former figure shows
results of adaptation between male speakers, and the latter shows results of adaptation
between male and female speakers. Method I corresponds to the method described above,
whereas Method II is a method in which clustering is performed directly on an specified
number of clusters without hierarchical processing. Figure 8 shows results when using
cepstrum only, and when using cepstrum and acepstrum. Results of recognition experiments
are shown in Fig. 10. These results indicate that the adaptation method is highly effective
in reducing errors for a new speaker. The effectiveness of this method for acepstrum is
smaller than for cepstrum.

5. DYNAMIC CLUSTERING

The target of spectral transition is predicted and perceived based on spectral dynamic
features in the human speech perception process. The target prediction process can be
regarded as perceptual clustering of a spectral sequence. A mathematical model of this
process was proposed, and its output was confirmed to correspond well with the results of
perceptual experiments [20]. Figure 11 shows the phoneme sequences of input and output of
this model for the utterance /kiai/. It clearly indicates that transitional periods are largely
reduced, achieving clustering to the categorical targets.

6. DISCUSSION

_ Speech processing technology based on clustering in spectral space has been playing
important roles in various aspects of speech recognition. This technology is expected to
continue to create new techniques. Future problems include how to extract and represent
the spectral dynamic features. Dynamic features are considered to be playing more
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Fig.11 - (a) Speech wave; (b) Time sequences of vowel nearest to the predicted target
spectrum or to the original spectrum, at each short period of the Japanese word /kiai/.

important roles than instantaneous spectral features in the human perception process for
continuous speech. One of the established methods for this purpose is the acepstrum
approach which is widely used in various speech recognition systems. The other method is
the spectral-segment-based approach, which has recently been tried. How to define,
construct, and train the segments are problems for the future, and should be tackled
carefully, using mathematical approaches.
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