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ABSTRACT

An efficient speaker-normalization method based on the map-
ping of two self-organizing feature maps is developed. The
normalization system consists of a reference map that is
trained on the reference speaker’s feature space and of a test
speaker’s map, generated by a special topology-maintaining
retraining of the reference map. The retraining procedure is
called ‘Forced Competitive Learning (FCL)'. It ensures the
topological identity of both maps and thereby implicitly estab-
lishes an 1:1 correspondency of the codebooks. This allows
for an 1:1-exchange of the feature vectors represented by the
neurons of the reference map for those of the test map in the
operation phase. Pilot tests on a 33 word database, including
the 10 digits (3 male & 2 female speakers, 5 versions each)
have been performed employing a simple HMM-isolated-
word recognizer. The evaluation was based on speaker-depen-
dent recognition and has shown an average adaptation effi-
ciency of p = 0, 90 . Because of its error tolerance and its
applicability to virtually every, even abstract feature space, the
method proposed can broadly be applied as a front end to all
kinds of VQ-based recognition systems.

Keywords: speaker adaptation, speaker normalization, self-
organization, feature maps, codebook mapping, speech recog-
nition

1. INTRODUCTION

The two central criteria of quality in the assessment of speech-
recognition devices are the average recognition rate on the one
hand and the speaker independency on the other hand. Since
today’s recognition concepts rely on some kind of a (explicit
or implicit) best-fit search among a set of models of speech
subunits, their performance decline with increasing model
variances and with increasing model overlappings, respec-
tively. These overlappings are caused by either a large number
of models desired for the recognition task (size of recognition
corpus) or by the required degree of speaker independency
(number of training speakers). Consequently, for a specific
recognition task, a speaker-dependent speech-recognition sys-
tem always outperforms its speaker-independent counterpart.
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This goes especially for increasing size and perplexity of the
speech corpora to be recognized.

In order to meet both requirements at the same time, speaker-
adaptive recognition concepts have been developed which,
after a short adaptation phase, are able to speaker indepen-
dently achieve recognition rates typical for speaker-dependent
systems. Among these concepts, the unsupervised on-line
adaptation is the most user-friendly realization while the
supervised off-line adaptation states the most performing one.
Furthermore, two principle adaptation techniques are avail-
able. One, in which the recognition system has to be adapted
to a new speaker in one or the other way (implicit speaker
adaptation), and a second one in which the new speaker is
explicitly adapted to the one the recognition system is trained
on.

Two basic approaches to the problem of explicit speaker adap-
tation and speaker normalization, respectively, are known in
literature [1]: One performs a (mostly nonlinear) functional
mapping of a test speaker’s feature space to the one of the ref-
erence speaker. If utilizing multi-layer neural networks, such a
system is able to achieve an almost perfect speaker normaliza-
tion. The amount of speech data, i.e. the time factor needed for
the training of the neural net, however, is not essentially
smaller than the amount of data that is necessary for a full
retraining of the recognition system. Besides its numerical
complexity, this method is unacceptable for any potential test
speaker which makes it impractical for speaker adaptation,
too.

The second approach is based on a codebook mapping. Its per-
formance depends on the finding of reliable comrespondences
between the entries of a test-speaker’s codebook and the one
of the reference speaker. The main difficulty, however, is the
need for an accurate time warping of the codebook sequences
to be correlated and the resolving of possible ambiguities in
the adaptation phase. If generated with classical algorithms,
the codebooks employed are typically not very error tolerant,
so that possible misquantizations caused by intra-speaker vari-
ances may lead to poor normalization results in the operation
phase.
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Fig. 2-1: Forced Competitive Learning

2. FEATURE NORMALIZATION AND
‘FORCED COMPETITIVE LEARNING’

With respect to the difficulties mentioned above, a codebook-
mapping based feature-normalization method will be derived
which is supposed to meet the following requirements: It
should be

a) suitable as front end to all kinds of VQ-based speech rec-
ognizers

b) error tolerant by employing topology-preserving feature
maps

and it should

¢) find the codebook correspondences in an unsupervised
way by appropriately extending the principles of self-
organization {2].

The overall normalization procedure can be divided into three

operational phases:

2.1 The Training Phase

The basis of the proposed normalization scheme is a self-orga-
nizing, topology-preserving feature map fully trained on the
feature space of the reference speaker (reference map). The
map size is 40x25 neurons (1000 neurons), and the training is
performed according to the well-known competitive learning
rules of T.Kohonen [3),[4].

With regard to the system’s performance it is essential to
choose the training corpus adequately so that the resulting ref-
erence map holds a complete, topology-preserving VQ-repre-
sentation of the feature space in question. Note that the
training phase is carried out off-line, so that the computational
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time consumed in it can be neglected.
2.2 The Adaptation Phase

A second feature map (test map), representing a test speaker’s
feature space is generated in this phase. At the same time, a
reliable correspondence rule between both, the reference map
and the test map has to be found. To obtain both goals, the test
map is created by a special, topology-maintaining retraining of
a copy of the reference map, see Fig.2-1. Basically, Kohonens
competitive learning strategies for self-organizing feature
maps are still utilized for the retraining. Different from his
approach, however, is the winner search space on the test map
for a given adaptation utterance limited to the winner trajec-
tory showing up on the reference map for the same utterance.
In this way, the neurons of the same phonetical background
and their corresponding feature vectors, are related to the same
coordinates on the feature maps of both speakers. Conse-
quently, the map correspondency to be found can assumed to
be one-to-one.

Since the test map is forced to exclusively learn along pre-
defined trajectories that are given by the reference map,
thereby maintaining the map topology, this training method is
called ‘Forced Competitive Learning’ (FCL). By simply
retraining the completely developed reference map, the
amount of speech data needed in the adaptation phase can be
reduced drastically as compared with the corpus for the full
training,

2.3 The Operation Phase

The actual normalization of the test speaker takes place by
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means of an 1:1-exchange of the feature vectors represented
by the neurons of the reference map for those of the test map.
The crucial presumption for the admissibility of this direct
mapping, the topological identity of both feature maps, is
guaranteed by the use of FCL in the adaptation phase.

3. PERFORMANCE TESTS

Pilot evaluation experiments based on speaker-dependent
models have been performed [3]. A simple HMM-isolated-
word recognizer that maximally discriminates 128 prototypes
serves as high-end reference. Consequently, the 1000 neurons
of the feature maps are appropriately comprised to feature
clusters, e.g. with help of a ‘Nearest-Neighbor Algorithm’.

3.1 Test Corpus and Feature Extraction

The tests have been performed on a 33 word database (includ-
ing the 10 digits) of 3 male and 2 female speakers, 5 versions
each. The overall speech corpus thus consists of 825 words.
The speech data were digitalized at 16 kHz sampling rate,
windowed (Hanning), and run through a 8-th order FFT.
According to human hearing physiology, the resulting spectra
were summarized to 21 critical bands. Finally, the feature vec-
tors were normalized with respect to their total energy, the log-
arithm was taken for dynamic compression, and another
normalization to unit length was executed.

3.2 Experimental Results

Figure 3-1 gives an overview of the comparative recognition
experiments.The HMM recognizer was speaker dependently
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trained on 3 versions of all the 33 utterances of the test corpus,
while the actual vocabulary to be recognized consists of a 20
word subset of the corpus. The tests show an average increase
in recognition rates from 41% for unnormalized speakers to
76% after normalization.

With & recognition rate of 80% for the untrained versions of
the reference speaker, this corresponds to an average adapta-
tion efficiency of p = 0, 90 where the adaptation efficiency
is defined as

a
Tr=Tr
p= Tp—T
R™T ®
with
1:; ~ Test Speaker Recognition Rate, normalized
Ty ~ Test Speaker Recognition Rate, unnormalized
Tp ~ Ref. Speaker Recognition Rate (untrained versions).

Note that even though the number of test speakers observed is
relatively small, the diagram suggests that the normalization
works equally successful in the intra- as well as in the inter-
sexual direction.

4. CONCLUSION AND FUTURE WORK

A speaker-normalization system on the basis of a 1:1-projec-
tion of two self-organizing feature maps has been imple-
mented and pilot recognition experiments on a speaker-
dependent basis give promising results (average adaptation
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efficiency 90%). The use of the proposed FCL-Algorithm in
the adaptation phase dispenses an explicit (supervised) search
for correspondences between the codebooks. This makes the
normalization independent of the accuracy of an expensive,
error prone time warping of any codebook sequences.

For the same reason, the method works equally well on any
abstract feature space apart from the commonly used FFI-
- spectra, e.g. on neurograms or on event-oriented feature vec-
tors.

As an inherent advantage of FCL, the overall effort for the
adaptation (retraining of the reference map) can be kept com-
parably low. The computation time needed for the training of
the test map (1000 neurons) on a SUN IPX SPARC-Station is
less than 1 minute as compared to about 1 hour for the full
training of the reference map.

Due to the topology-preserving properties of the feature maps
employed, the proposed normalization method provides an
error tolerant vector quantization, and finding a correlation
matrix for the feature maps is easily done in terms of simple
spatial relations between the neurons. This makes the system
well suited as front end to all kinds of VQ-based recognition
devices.

In this paper we have limited our evaluation to the normaliza-
tion system in combination with a speaker-dependent recogni-
tion. For a perfect normalization, with respect to the
recognition rates, this configuration should be superior to any
known speaker-independent recognition concept. Besides, a
speaker-independent recognizer can always only be quasi-
independent, depending on the completness of the pool of
speakers it has been trained on. In case of speakers to be rec-
ognized that are strongly differing from this pool, i.e. in case
of non-native or speech-impaired speakers, the concept of
speaker normalization might be the most promising one to
achieve a reasonable recognition performance with reasonable
expenses in time and computation. Further investigations have
to prove this.

As a disadvantage of the normalization system with regard to
its convenient usage, however, there still remains the need for
a short supervised off-line adaptation phase. This gives rise to
further work on the design of a representative catalog of test-
speaker maps. At the beginning of a recognition session, the
normalization system could choose the best fitting sample
from this catalog and start to adapt itself to the new speaker on
line. In this context, the existence of an optimal or canonical
reference speaker, respectively, will be of particular interest.
Also, with help of a representative test-speaker catalog, the
method proposed has the potential to improve the performance
of speaker-independent recognition. If used to reduce the dif-
ference among speakers before the training, the speaker-inde-
pendent models will have sharper distributions in comparison
with the conventional fraining procedure. This, as a conse-
quence, will lead to a higher decision reliability in the opera-
tion phase.
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