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ABSTRACT

This paper investigates the realization of a filter bank model
that achieves minimum classification error. A bank-of-filter
feature extractor module is jointly optimized with the clas-
sifier’s parameters so as to minimize the errors occurring at
the back-end classifier, in the framework of Minimum Clas-
sification Error /Generalized Probabilistic Descent Method
(MCE/GPD). The method was first applied to readjusting
various parameters of filter banks linearly spaced on the
Mel-scale for the Japanese vowel recognition task. Analy-
sis of the feature extraction process shows how those parts
of the spectrum that are relevant to discrimination are cap-
tured. Then the method was applied to a multi-speaker
word recognition system, which resulted in an word error
rate reduction of more than 20 %.

1. INTRODUCTION

It has been argued that the interaction between signal repre-
sentation and classification strongly influences speech recog-
nition performance [2], [6]. However, the underlying nature
of this interaction is not well understood. In spite of the
input-output relationship between the feature extractor and
the classifier, the psychoacoustic criteria usually used in the
selection of features are not necessarily optimal for the clas-
sification process.

In particular, filterbank modelling is a widely used ap-
proach for the parametrization of speech signals in the
speech recognition framework. Usually, the filter bank
model is inspired by auditory or psychological findings.
However, since the human speech recognition process is not
fully understood, an optimal (best in terms of recognition
accuracy) model cannot be designed solely based on these
findings. Furthermore, there is an obvious mismatch be-
tween the Bayes theory-based recognition approach and the
psychological criteria used in selecting the feature represen-
tation.

In previous work [1], we proposed the Discriminative Fea-
ture Extraction (DFE) concept as a method of designing
the overall recognizer, in which feature extraction is more
closely linked to the overall classification process than in
baseline methods. The DFE concept assumes a modular
speech recognizer in which a parameterized feature extrac-
tor is optimized along the lines provided by the MCE/GPD
framework.

In this paper, an optimal filterbank model within the DFE
concept is investigated. In [1], a simple implementation for
recognizing vowel fragments was reported using a filter bank
model optimized with the DFE concept. However, there was
a clear discrepancy in the model: the filter bank model was
simulated on the log spectrum of the speech signal rather
than on the spectrum as is widely done.
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In this paper, a more accurate filter bank model is de-
scribed. To study the effectiveness of the model and to ob-
tain a better understanding of the DFE concept, we first per-
formed experiments using a simple distance based classifier
for a vowel recognition task in a multi-speaker framework
in which various parameters of the filter bank model are
adapted to minimize classification error. We then applied
the method to a system whose task is to recognize japanese
names uttered over a telephone line.

2. DISCRIMINATIVE FEATURE
EXTRACTION

DFE can be viewed as an extension of MCE/GPD [3]
which includes the feature extractor parameters among the
optimizable parameters of the overall recognizer, denoted
® = (0, A). The feature extractor and the classifier have
modifiable parameters © and A, respectively. This is a fun-
damental departure from classical approaches in which the
design of the feature extractor is separated from the design

“of the classifier.

For optimization, the GPD training is performed to reduce
the ultimate error measure, i.e., the expected loss,

L(®) = E.[{(z,®)], (1)

through the following iterative procedure,

04(z, )

Q7'_7'
“U=35 lo=a.

(2)

®r+l =

where z denotes an observation pattern and £(z, ®) a smooth
approximation of the 0-1 minimum error cost function; U is
a small positive definite matrix, r is the training time index,
€r is a positive time-decreasing number, and @, indicates a
parameter state at 7. The chain rule of differential calculus
is used to adjust the feature extractor module.

In practice, feature extractor and classifier parameters
may be different in nature, which may slow the gradient-
based convergence as well as lead to poor performance of
the system. This is an issue specific to DFE which was not
encountered in MCE/GPD tasks so far. One solution is to
let U =[U1,U2] such that (2) is replaced by

4(z, A, ©)
T = - tr —_—— 3
Args Ar—¢, U1 A A=A, 0=0, 3)
(')-r+1 = e‘r - prUZ——-—ae(z’A’ @) (4)

lC] A=A-,-,@=®-,—

which enables to use two learning rates p; and e, for the
feature extractor and classifier parameters.
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3. DESIGN OF A DISCRIMINATIVE FILTER
BANK MODEL

For computational simplicity, a filter bank model is often
simulated via DFT techniques. This offers a fast alternative
to FIR or ITR-based bank-of-filters. Thus, for a sequence of
speech vectors X7 = {#1,...,%¢,...,27} in which z, is the
magnitude spectrum of the frame (short time window posi-
tion), a Q-channel filter bank model transforms each z; into
a lower dimensional vector y: = (y:[n]) for » € {1,....Q}
such that an output feature y:[n] is the log energy in the
channel:

y»[n]=1ogm<2 Hn(f)wt(f)) forn=1,..,Q (5)

f€Bn

where By represents the channel interval and 6.(f) the
weighting at frequency f within the n** channel. The pro-
cess can be modelled by a parameterized mapping fe(z) =
y.
To simulate human auditory filter bank analyzer, a “per-
ceptual” frequency scale usually provides the grounds for a
filter bank implementation. The most widely used instan-
tiation of this “perceptual filter bank” is provided by Mel
scale or Bark scale.

For practical reasons, we opted for a filier bank model
consisting of Gaussian-shaped filters defined as

On(f) = Knexp(—pn(p(fa) —p(f))?) forn=1,...,Q (6)

where the trainable parameters 8, > 0 and f, determine
bandwidth and center frequency, and K, is the trainable
“gain” parameter in the n'® channel. p(f) maps the linear
frequency f onto the perceptual representation (i.e Mel or
Bark ). Note that each “weighting” coefficient 8, (f) could
also be adjusted without keeping the Gaussian constraint.

An important feature of this type of filter is related to the
fact that it provides a straightforward way to adjust center
frequency, bandwidth or gain via DFE while being a good
alternative to the use triangular filters.

To preserve the physical meaning of the parameters, we
need to ensure that the values remain positive during learn-
ing. This is done by optimizing each trainable parameter
via the transformation © = log(®©).

This significantly differs from the feature optimization
method used in [1].

4. EXPERIMENTS ON RECOGNIZING
VOWEL SEGMENTS

The model was tested in an experiment similar to [1] aimed
at a 5-category japanese vowel recognition task. 1750 train-
ing and 1750 testing samples were used. The samples were
manually extracted from 500 phonetically balanced sen-
tences, spoken by 5 speakers (3 males and 2 females). The
speech signal is digitized at 12 kHz and stored at 16 bits.
The center fragment of each vowel sample was extracted by
using a 21 ms Hamming time window. The vowel segment
was converted to a 128-dimensional FFT-based power spec-
trum input to the bank-of-filters.

4.1.

We used a simple implementation of bank-of-filters by ap-
plying a set of 16 weight functions to a DFT-based power
spectrum. Sixteen channels were chosen so as to cover a
full range of 6 kHz (corresponding to 12 kHz sampling), and
each filter was set to a Gaussian form with gain parameters
initialize to value 1.

Recognizer structure
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The back-end classifier for the bank-of-filters feature ex-
tractor was a multi-prototype distance classifier, described
in [4]. The discriminant function used was:

gi(z; @) = {Z Dx(y = fo(z), TS%'))_"} (")

m=1
where rs,{) represents the m-th prototype vector of cate-
gory Cj, V; is the number of prototype vectors of class
C;, Dxg(y, rs,{)) is the squared FEuclidian distance be-
tween z and 'rs,i), and v is a positive constant; A =

{Tm} €{t,,Vj } :
{ mIme i _
The misclassification measure corresponding to category

C¢ for a spectral sample 7 is given by

el =1 S5 ®)

where gw(z;®) is the discriminant function correspond-

" ing to the best match over the incorrect classes. The loss

£z, ®) = £(dc(z; D)) is a piece-wise linear approximation of
the 0-1 step function as shown in Fig. 1.

wui loss

t—

Misclassification measure (d)

Figure 1. A piecewise loss approximation of the ideal loss func-
tion

4.2. Experimental results in the filter bank adjust-
ment task

Filter adjustment may help provide better resolution in
those parts of the spectrum relevant to achieving minimum
classification error. To find the relevant parameters in an
efficient manner, the center frequency, the bandwidth, and
the gain were adjusted independently. Several experiments
were performed on the Mel scale.

In the following experiment, each category (i.e. each
vowel) was represented by a single prototype vector. A k-
means clustering algorithm was used to select the initial set
of prototypes within the appropriate frequency scale repre-
sentation.

4.2.1. Mel scale-based task

The Mel scale maps the perceived frequency of a pure tone
onto a linear scale. There are various analytical approxima-
tions of the original Mel derived from psychoacoustic ex-
periments, all of them being approximatively linear below 1
kHz and logarithmic above 1kHz. In this paper, we used the
following approximation, as provided by {7]:

m(f) = 2595log,o(1 + -70L0) (9)

Since the design of the Mel scale is based on how human
perceive the pitch of sounds, one may question whether a
filter bank model based on the Mel-scale is helpful for min-
imum classification error. Though this issue is obviously
task-dependent, it may be helpful to search for an accurate
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Optimized parameter | train | test
baseline 12.6 | 15.0
center 12.0 | 14.1
bandwidth 119 | 14.5
gain 12.6 | 14.7
weighting 109 | 14.1

Table 1. Experimental results using Mel scale in terms of error
rates in the vowel recognition task

tuning of the filter bank parameters, given a task and a clas-
sifier structure.

Table 1 shows the results for various optimized param-
eters. One can see that optimizing any parameter of the
filter bank model resulted in an improvement of the system
performance. The best improvements were due to adjusting
the center and the “weighting”. Here the term “weighting”
refers to optimizing each frequency weight without the Gaus-
sian constraint. Obviously this process results in a large
number of free parameters, hence the lower error rate on
the training set. Optimizing the gain resulted in less im-
provement of the original model.

It is well known that formants are essential features for
vowel recognition. Figure 2 shows a histogram of formant
locations in the training data (as found by an LPC-based
root finding method) as well as model parameters after op-
timization, and tries to analyse how the feature extraction
process behaves.

In the center frequency optimization task, the main
changes occur in the F2 domain where the center frequency
of the 7*" bandpass filter has moved to the location of the
8" filter, resulting in an emphasis of the F2 region. Most
the F3 domain has also moved closer to emphasize the F3 re-

gion. Center frequencies above 4 kHz have moved to higher .

values which means a de-emphasis of this region. The center
frequencies of the F1 region have not been modified.

In the bandwidth optimization task, keeping in mind that
a higher value of the parameter 3, signifies a narrower band-
pass filter, the filters in the region between 3 and 4 kHz have
shrunk, showing less overlap and more emphasis on single
frequencies.

Optimizing the gain resulted in a great emphasis of the
output of the 15* filter in the region above 4 kHz and the
F3 region.

Optimizing the “weighting” parameter resulted in sharper
filters which tend to select single optimal frequencies in-
stead of spectrally meaningful regions. This may explain
the higher performance on the training set and the relatively
poor generalization on the testing set.

5. EXPERIMENTAL RESULTS FOR THE
JAPANESE NAMES RECOGNITION TASK

After investigating the behaviour of DFE in the small vowel
recognition task, the method was evaluated in telephone-
based multi-speaker recognition system. The task of the
system is to recognize an ATR employee’s name, spoken
over a telephone line, and forward the call to that person.
Data were collected by a system that periodically called staff
members to repeat some randomly selected names over the
telephone, in the normal office environment. The process
resulted in the collection of 684 utterances from 47 speakers.
We used 570 utterances as training data and 114 as testing
data.

The speech signal was digitized at 8kHz. A Hamming
window of 21ms was used to select frames every 5ms. 128

EUROSPEECH ’95, Madrid, Spain, September 1995

Formant location in the training data

T T T T T

L F3 4

Percentage (%)
o 5 B8 8883

0 1 . 2 3 4 5 6
Frequency {kHz)

Resulting center frequency in the Mel domain

Channet index

3
Center frequency [kHz}
x107 Mel scale-based bandwidth optimization task

' T T T T T

Relative bandwidth value

3
frequency [kHz]

Mel scale-based gain optimization task
5 T T T T

Relative gain value
n w o

N

(=]

[+ 1 3
frequency [kHz]
Original set of fiiters
1 7 T T
o8 i
0.6
041 b
0.2 4
o L
[ 1 2 3 4 5 [
frequency [kHz}
Optimized frequency weighting in the Mel scale
4 T T T T T
3} i
2 J
1H i
0 L
0 1 2 4 5 6

3
frequency [kHz]

Figure 2. Experimental results for the Mel-scale based filter
bank optimization task aiming vowel recognition. The relative
bandwidth value refers to the parameter 8, and the relative
gain value refers to K. The lower figure shows the resulting
filter bank model when optimizing each weighting frequency
independently
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Figure 3. Experimental results for the Mel-scale based filter
bank optimization task aiming at ATR names recognition. The
upper figure shows result of bandwidth optimization task (8,)
and the lower figure shows result of gain optimization task (K )

FFT points were then passed through 16 Gaussian-shaped
filters, selected so as to cover the 0-4kHz frequency range.

5.1.

The recognizer used is the same multi-prototype distance-
based model used above in the vowel recognition task, with
the added feature that, a finite state machine representing
the lexicon is now used to constrain a DTW-based search for
the best matching name. A word is represented as a string
of phonetic models, in which each phonetic model consists
of a concatenation of sub-phonemic states. Each state is
assigned a number of references vectors. The distances be-
tween an input frame-vector . to a state is analogous to (7).
For an input token X7 of category C, the misclassification
measure g¢ (XlT ,®) is the accumulated distance through all
the states of the model permitted by a finite state machine
based grammar. The loss used was the same as in Fig. 1.
The gradient of the error is thus propagated back to adjust
reference vectors within each state, down to the parameters
of the front-end filter bank model. See [5] for a detailed
description of the classifier structure.

Recognizer structure

5.2.

A segmental k-means clustering procedure was used to se-
lect the reference vectors in each subphonemic state. Each
phoneme was represented by 3 states of 2 reference vectors.
Experiments in the Mel-scale were then carried out adjusting
the center, the bandwidth, the gain and weighting respec-
tively.

Experimental procedure and results

Optimized parameter | train | test
baseline 0.2 7.9
center 0.2 7.1
bandwidth 0.2 6.1
gain 01 | 5.3
weighting 0.0 9.7

Table 2. Experimental results in the ATR name recognition
task (error rates)

Table 2 summarizes the performances. DFE shows a
clear improvement when optimizing the center frequency,
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the bandwidth and the “gain” parameters. The improve-
ments are rather clear in the gain optimization cases. As
said before, the gain emphasizes the output of those chan-
nels which are relevant to the discrimination. As seen in the
vowel recognition task, “weighting” optimization does not
generalize well. This is certainly due to the high number of
parameters involved.

Fig. 3 displays the resulting model after bandwidth and
gain optimization. One can notice that the optimized model
differs from the vowel optimization case. In the vowel task,
the best performance was achieved when optimizing the cen-
ter frequency. Filters in the lower frequency region have
shrunk in contrast with the upper frequency region when
observing the bandwidth optimization case. The Gain op-
timization has rather emphasizes the outputs of the higher
frequency region. These results are not similar to the vowel
recognition case and confirm the fact that the relevant pa-
rameter is task-dependent. Also, the initial set of reference
vectors, here based on 8 kHz sampling rate, may have an
influence in the resulting model.

6. CONCLUSION

This paper reports recent progress in the application of
DFE. The DFE method consists in optimizing the over-
all recognizer (feature extractor and classifier) in order to
minimize the classification error within the framework OF
MCE/GPD.

Here we described an application to a small vowel seg-
ment recognition task, adjusting various parameters of a
Mel-based filter bank model. Performance and analysis of
the feature extractor process show that DFE was capable of
capturing those areas of the spectrum relevant to accurate
discrimination in a more efficient manner than the baseline
method.

We also described an application of DFE to a multi-
speaker telephone-based name recognition task, resulting in
a decrease in error rate from 7.9 % to 5.3 % when optimizing
the gain parameter.

These results confirm the general utility of DFE in design-
ing a feature extractor more suited to the back-end classifi-
cation process.
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