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Abstract

The aim of discriminant feature analysis techniques
in the signal processing of speech recognition systemsis
to find afeature vector transformation which maps ahigh
dimensional input vector onto a low dimensional vector
while retaining a maximum amount of information in the
feature vector to discriminate between predefined classes.

This paper points out the significance of the defini-
tion of the classes in the discriminant feature analysis
technique. Three choices for the definition of the clas-
ses are investigated: the phonemes, the states in context
independent acoustic modelsand thetied statesin context
dependent acoustic models.

These choicesfor the classes were applied to (1) stan-
dard LDA (linear discriminant analysis) for reference and
to (2) MIDA, animproved, mutual information based dis-
criminant analysis technique. Evaluation of the resulting
linear feature transforms on a large vocabulary contin-
uous speech recognition task shows, depending on the
technique, the best choice for the classes.

1. Introduction

It is known from information theory that creating new in-
formation by transforming data is impossible. Transfor-
mations can only lead to information loss [1], so at the
first sight it seems that they should be avoided.

However, in speech recognition systems, the dimen-
sionality of the input data — typically filterbank outputs
and their time derivatives — is too large to allow direct
modelling.

Therefore, inthe past years, many research groupsin-
vestigated transformationsthat reduce the dimensionality
of afeature vector withaminimal lossin information, us-
ing standard linear discriminant analysis (LDA) [2, 3] and
recently also more elaborate techniques[4, 5, 6, 7, 8, 9].

The am of discriminant feature analysis is to find
the transformation that retainsin the remaining features a
maximal ability to distinguish the predefined classes.

The topic of this paper is the definition of these clas-
ses. At thefirst sight, the phoneme seems to be the right
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choice for speech recognition: in phonetics the phoneme
set is defined as the minimal set of speech sounds that
are necessary to distinguish between al pairs of words.
Therefore, if the phonemescan be distinguished, al words
can be recognised.

However, other choicesfor the classes can also bejus-
tified. In MIDA, the mutual information based discrim-
inant feature analysis that we proposed in [6], a feature
transform is derived that keeps the distance between the
original and the transformed conditional class probability
functions minimal. As the probability functions used in
context dependent acoustic modelling correspond to the
tied states, those tied states seem to be an obvious choice
to define the classes in the discriminant feature analysis
aswell.

In this paper, three choices for the definition of the
classes — the phonemes, the states in context independent
acoustic models and the tied states in context dependent
acoustic models — are applied in combination with two
discriminant analysis techniques, namely standard LDA
and MIDA [6].

In section 2, the investigated techniques for discrim-
inant feature analysis are briefly reviewed. Section 3 de-
scribes the experimental setup (signal processing, acous-
tic model development, recognition task). The experi-
mental results are given and discussed in section 4 and fi-
nally in section 5 the conclusionsfrom the proposed work
are given.

2. Discriminant Feature Analysis
Techniques

2.1. Standard LDA

Linear discriminant analysis (LDA [10Q]) is a common
data driven method that searches for a linear transfor-
mationT : * — y,R? — R" which maps a ¢ dimen-
sional input vector 2 onto an r (r<q) dimensional vector
y = Tz while retaining a maximum amount of class dis-
crimination information.

In order to do so LDA needsthe individual class den-
sity functions f(z|c;) and the a priori class probabilities
W; = p(¢;) foral N, classes¢y, ..., ¢y, . Inthat, LDA as-
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sumes that each class density function f(x|c;) can be ad-
equately modelled with a single multi dimensional gaus-
sian NV;(z) = N (x; py, 3;) with p; and 2; the mean and
covariance of the gaussian.

Next thisinformation is condensed into the following
two scatter matrices: (1) the within class scatter matrix
Y = >, W;3; and (2) the between class scatter matrix
Sy = Y Wilpi — p) (s — p)'s with g = 5 Wip,, or
dternatively the overall scatter matrix X; = X, + X,.
LDA then maximisesthe following ratio of determinants:

T = argmax T2T7] argmax RN
AT N T et Ay ST

As the determinant of a covariance matrix is related to
the volume spanned by the corresponding gaussian, we
thus have to minimise the volume spanned by the classes
while maximising the volume between the classes, thus
maximising the average distance between the classes.

It can be shown that a solution to the above maximi-
sation can be found by solving the generalised eigenvalue
problem ¥,V = ¥,V A with A adiagona matrix con-
taining the eigenvalues of . '33;. The eigenvectors cor-
responding to the r largest eigenvalues then make up the
rows of matrix 7.

2.2. MIDA

Themain problemwith LDA isthat it condensesall infor-
mation into two scatter matrices only. LDA thusignores
the individual means and the individual scatter matrices
of theclasses. Asexplainedin detail in[6], thisistherea-
son why LDA can result in suboptimal transformations.
In the same paper we therefore proposed MIDA, a mu-
tual information based discriminant analysis technique.
The main ideabehind MIDA is the following.

The conditional class probability functions p(c;|x),

f(@lei)plei)

in the original ¢ dimensional feature space contain al
relevant available information concerning the classifica
tion problem. In order to reduce the dimensionality of
the input feature vector with minimal loss of informa-
tion, the transformed conditional class probability func-
tions should resembl e the original ones as good as possi-
ble. In other words, the distance between the original and
the transformed probability functions should be minimal.

Using the Kullback Leibler distance measure [1], fol-

lowing results were obtained:

2 o)
DOEXNNND = [ 3 1tea)108, 50 do

N
_ /R |2 Flen ) loga (pleila)) da
1= N,
- /R D f(eirr) loga(pleily=Tx) d
. =1
- /R D (i z)logs(plcilw) do

N,
- / . Zf(ci,y) log, (p(cily)) dy
= H(C|Y) - H(C|X)

Finding a transformation 7" : R? — R” that minimises
the Kullback Leibler distance is thus equal to finding a
transformation that minimises the conditional class en-
tropy H(C|Y'). Asz uniquely determinesy (y = T'z)
we can also write:

D(p(C|X)|[p(ClY)) = H(C]Y) - H(C|X,Y)
= I(C; X|Y)

The transformation thus also has to minimise the con-
ditional mutual information I(C; X|Y), i.e. the original
feature vector 2 should provide minimal additional infor-
mation on the classes on top of the reduced feature vector
Y.

This mutual information based optimisation problem
can be worked out — using some approximations to make
the cal culations computational ly tractable—for class den-
sity functions which are (mixtures of) gaussian densi-
ties. Asaclosed form solution to the optimisation prob-
lem was not found, we resorted to numerical optimisation
techniques, splitting the transformation matrix 7" in a se-
quence of elementary Givensrotations. For more details,
thereader isreferred to [6, 11].

3. Experiments
3.1. Signal Processing

The input feature vectors — one vector for each 30 msec
framein 16 kHz data, with a 10 msec frame shift —for the
feature transforms consist of a set of 24 mean normalised
MEL warped spectral coefficientswith their first and sec-
ond order time derivatives, atotal of 72 features. Asthe
time derivatives are part of theinput vector for the feature
transformations, they will be incorporated automatically
into the reduced output vector according to their relative
importance.

The size of the output vectors of the feature trans-
forms was set to three different values: 39, 25 and 16.
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The resulting features are decorrelated using the algo-
rithm described in [12] (with the gaussiansin the acoustic
models as classes).

3.2. Acoustic M odel Development

The context dependent acoustic modelling used to evalu-
atethe different feature transformsis based on aphoneme
set with 38 three state phonemes and one noise state. The
cross word context dependency is defined with a global
phonetic decision tree which results in 575 tied states.
The same decision tree was used for all experiments. The
number of tied states (and the number of gaussians) for
the experimentsis rather small dueto the size of thetrain-
ing database, namely 6 hours of speech.

The different class choices in the discriminant fea-
tureanalysis are (1) the 39 phonemes, (2) the 115 context
independent states, (3) the 575 context dependent tied
states used in the acoustic modelling and (4) the 2246
tied states obtained from alarger decision tree. The latter
class choice was only used in standard LDA.

The acoustic models with partialy tied gaussians are
developedin asimilar way as described in [13]. First, for
each of the tied states a small number of gaussiansisini-
tialised, this number being proportional to the occupancy
of the state. Next, all these small sets of gaussians are put
together in alarge set of 10k gaussians. Then this large
set is used to construct a fully tied acoustic model. Fi-
nally, this model is trained and the number of gaussians
per tied state is reduced using the occupancy criterion as
described in [14]. The average number of gaussians per
state in the final acoustic modelsis about 100, 85 and 65
for feature vector sizes 39, 25 and 16 respectively.

The reason why acoustic models with partialy tied
gaussians are used is that they give better recognition re-
sults than models without tying of the gaussians. The
average relative improvement in word error rate (WER)
of models with tied gaussians over models without tied
gaussians is about 10%, even when taking into account
the small improvement in recognition results that can be
obtained for modelling with 20k non tied gaussians in-
stead of 10k non tied gaussians (the models with tied
gaussians do not benefit from an increase in the number
of gaussians).

3.3. Recognition Task

We evaluated the different feature transforms on aspeaker
independent continuous speech recognition task in Dutch,

with a40k word vocabulary and atrigram language model .

The test set has the following properties: 12 speakers
with 25 sentences each, 3596 words and 20 minutes of
speechin total, a 3.5% OOV rate and atest set perplexity
of 128.9.

With a similar type of acoustic modelling, a WER
of 8.2% was found on the well known speaker indepen-

dent Wall Street Journal (WSJ) recognition task for the
November 92 evaluation test set (standard trigram lan-
guage modelling, 20k word vocabulary, 1.9% OQV rate).

There are two main reasons for the higher absolute
word error rates reported in this paper. Thefirst is typi-
cal for languages with compound words like German and
Dutch: the OOV rateis high and each OOV word results
on average in amost 2 errors. As the described experi-
ments focus on the acoustic modelling, no specific effort
was done to tackle this problem (for instance with post
processing on the recognised sentences). The second rea
son is the size of the acoustic model training database,
which was chosen small: 6 hours of speech compared
to 69 hours for WSJ. This size of the database keeps the
computation time for a large number of experiments fea-
sible, while still making comparisons between the results
possible.

To obtain the reported results for 39 features, our rec-
ognition system works in real time on asingle 733 MHz
Pentium 111 processor running Linux. Note that smaller
feature vectors result in slower recognition as less accu-
rate acoustic models result in a more complex search for
the optimal word string.

4. Resaults

The results of the comparison between the investigated
choicesfor the classesin thediscriminant feature analysis
are summarised in table 1, both for standard LDA (at the
top of the table) and for MIDA (at the bottom).

As explained, the number of classes in the discrimi-
nant analysis was set to 39, 115, 575 and 2246 (the latter
for standard LDA only), and the resulting linear feature
transforms reduce the number of features from 72 to 16,
25 and 39.

Standard LDA
Number of Number of classes
features 39 115 575 2246
16 23.1% 183% 17.7% 17.6%
25 185% 159% 15.6% 16.2%
39 173% 15.7% 152% 15.0%
MIDA
Number of Number of classes
features 39 115 575
16 18.1% 17.6% 17.5%
25 153% 154% 15.0%
39 151% 145% 14.7%

Table 1. Evaluating different definitions of the classesin
LDA and MIDA (WER given)

From the table it is clear that the worst results are
found when the phoneme is chosen as class in the dis-
criminant analysis, especially for standard LDA. Increas-
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ing the number of classesimprovestheresult until anum-
ber of classes is reached that seems to be sufficient for
the discriminant analysis technique. For standard LDA
the result doesn’t improve beyond 575 classes, for MIDA
115 classes is sufficient.

When comparing standard LDA with MIDA, it can
be seen that MIDA aways outperforms standard LDA,
as we already concluded in [6]. MIDA even seemsto be
able to compress the same amount of information in 25
features as standard L DA in 39 features.

However it is not clear from the above experiments
why the result improves with more classes: more classes
also means more gaussians and thus a better modelling of
the acoustic data. Therefore the reason for the improve-
ment with more classes can be twofold: or the discrim-
inant analysis knows better what to discriminate (more
classes) or it gets a better idea about the data distribution
in the feature space (more gaussians).

We investigated which reason for the improvement is
moreimportant through afurther experiment with MIDA.
An advantage of MIDA is that the classes can be mod-
elled with mixtures of gaussians (as opposed to standard
LDA which uses a single gaussian per class). This way,
the better modelling of the acoustic data is obtained with
asmall number of classes.

In practice, we modelled the 39 phoneme classes in
the MIDA with 115 gaussians, putting together in the
mixture for one phoneme the gaussians that model the
corresponding context independent states. If the samere-
sult asfor 115 classesin the MIDA is found, then the bet-
ter modelling with more gaussiansisimportant. However
if the sameresultisfound asfor 39 classes modelled with
a single gaussian, then the discriminant analysis benefits
from a better knowledge about what to discriminate when
the number of classes increases.

Unfortunately, the outcome of this experiment was
unclear: a WER of 17.1%, 15.2% and 15.4% was found
for afina number of 16, 25 and 39 features respectively.
For 16 and 25 features, the result is close to the result for
MIDA with 115 classes, but for 39 features, the result is
not better than the result for 39 classes (modelled with a
single gaussian).

5. Conclusions

This paper investigated the significance of the definition
of the classes in discriminant feature analysis techniques
for speech recognition.

It was found that increasing the number of classesim-
proves (or at least does not deteriorate) the recognition re-
sult. The 39 phonemes as classesis a bad option for both
standard LDA and for MIDA. For standard LDA 575tied
states are sufficient, the MIDA technique can do with 115
context independent states as classes.
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