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1 ABSTRACT

We present a discriminant measure that can be used to
determine the model complexity in a speech recogni-
tion system. In the speech recogition process, given
a test feature vector the conditional probability of
the feature vector has to be obtained for several al-
lophone (sub-phonetic units) classes using a gaussian-
mixture density model for each class. The gaussian-
mixture models are constructed from the training data
belonging to the allophone classes, and the number of
mixture components that are required to adequately
model the pdf of each class is determined by using
some simple rule of thumb { for instance the number
of components has to be su�cient to model the data
reasonably well but not so many as to overmodel the
data. A typical example of the choice of the number is
to make it proportional to the number of data samples.
However, such methods may result in models that are
sub-optimal as far as classi�cation accuracy is con-
cerned. In this paper we present a new discriminant
measure that can be used to determine in an objec-
tive fashion, the number of gaussians required to best
model the pdf of an allophone class. We also present
the results of experiments showing the improvement
in recogntion performance when the number of mix-
ture components is chosen based on the discriminant
measure as opposed to the rule of thumb. These re-
sults are presented both for the speaker-independent
and speaker-adapted case.

2 INTRODUCTION

We present a discriminant measure that can be used
to determine the model complexity in a speech recog-
nition system. In the speech recognition problem, fea-
ture vectors are extracted periodically from the in-
put speech and are matched to di�erent sequences of
phones, that represent words in the vocabulary. In the

statistical approach to speech recognition, this is done
by estimating the probability density of each phone
in the feature space from the training data, and using
these pdf's to assign a probability to a test feature
vector. The most common case is where a parametric
model is used to model the pdf, with the parametric
model generally being a mixture of gaussian distribu-
tions.

Hence, in the speech recogition process, given a
test feature vector the conditional probability of the
feature vector has to be obtained for several allophone
(sub-phonetic units) classes using the gaussian-mixture
density model for each class. It is not unusual to use
tens or even hundreds of thousands of di�erent gaus-
sians in such models. The number of gaussians used
to model each class is generally chosen based on sim-
ple rule of thumb - for instance the IBM system [8]
chooses the number of mixture components to be pro-
portional to the number of data samples, subject to
the constraint that their parameters can be robustly
estimated. Subsequently, the gaussians are initially
constructed by randomly sampling the training data
to construct the initial seed, and then K-means clus-
tering the data to re�ne the means and variances of
these gaussians. More recently, some alternative cri-
teria that are more objective have been introduced to
choose the size of the model [2] that estimate the num-
ber of gaussians required based on the classi�cation ac-
curacy that has been obtained with the current model.

In this paper we present a new discriminant mea-
sure that can be used to determine in an objective
fashion, the number of gaussians required to best model
the pdf of an allophone class. Once the number of
gaussians has been determined, the discriminant mea-
sure can also be used subsequently to re-estimate the
parameters of the gaussians. We also present results
showing the improvement in performance obtained by
using the proposed model selection criterion as op-
posed to the rule of thumb.
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3 DESCRIPTION OF

DISCRIMINANT MEASURE

When modelling data samples corresponding to a
class with a mixture of gaussians, the parameters of
the model are the number of mixture components and
the means, variances and prior distributions of these
components. In general, the number of mixture com-
ponents is chosen using some simple ad-hoc rule sub-
ject to very loose constraints; for instance the number
of components has to be su�cient to model the data
reasonably well but not so many as to overmodel the
data. A typical example of the choice of the number
is to make it proportional to the number of data sam-
ples. However, such methods may result in models
that are sub-optimal as far as classi�cation accuracy
is concerned. For instance, if the number of gaussians
modelling a class is inadequate, it may result in the
class being mis-classi�ed often, and if too many gaus-
sians are chosen to model a class, it may result in the
model encroaching upon the space of other classes as
well. We will refer to these two conditions as "non-
aggressive " and "invasive" models respectively, and
describe a measure that can be used to determine
the number of mixture components to avoid these two
classes of models.

3.1 Notation

The tth training data sample will be denoted xt, and
the class it belongs to (this is assumed to be known
a-priori) will be denoted C(xt). This is obtained by
viterbi-aligning the training data against the correct
transcription. The model for class l will be denoted
Ml; hence, we denote the probability assigned to data
sample xt by model Ml as p(xt=Ml). Further, as the
classi�er is generally far from perfect, for any given
data sample xt, in general there will be several models
in addition to MC(xt) that give a reasonably high (for
instance greater than a speci�ed threshold) probabil-
ity to xt. All classes other than the correct class whose
models give a reasonably high probability to xt will be
designated as the "confusable" classes for data sample
xt and will be denoted F (xt). This list of confusable
classes is obtained by decoding the training data and
producing N-best lists of hypotheses. Subsequently, a
viterbi-alignment is done against each of the hypothe-
ses, and the list of all allophones, l, that align to xt
and are di�erent from C(xt), are assigned to F (xt).

The discriminant measure that we propose is a 2-
dimensional vector, dl,

dl =
�
P l
c P l

i

�
(1)

characterizing every class l. The two components of
the vector which we will refer to as the "correct prob-
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Figure 1: Two-dimensional plot of P l
i and P l

c values

ability of the class", P l
c, and the "incorrect probability

of the class", P l
i are computed as follows: The correct

probability for class l is computed from the training
data samples that belong to the class l

P l
c =

X

t 3 C(xt)=l

p(xt=Ml)

p(xt=Ml) +
P

j2F (xt)
p(xt=Mj)

(2)

The incorrect probability for class l is computed from
training data samples that belong to other classes, but
that include l in the confusable list of classes for that
data sample

P l
i =

X

t 3 l2F (xt)

p(xt=Ml)

p(xt=MC(xt)) +
P

j2F (xt)
p(xt=Mj)

(3)

3.2 Model complexity estimation

Clearly the ideal situation would correspond to the
case dl = [1 0] for all l; in this case the model for class
l would always give a probability of 1 to data samples
that belong to class l, and a probability of 0 to data
samples from all other classes. However, this ideal
situation is rarely achieved, and in general the classes
are characterized by P l

c and P l
i values lying between 0

and 1. For instance, a two-dimensional plot of the dl
values are shown in Fig. 1, for a system that has 3042
classes, each modelled by atmost 8 gaussians, with the
total number of gaussians being 24183. We can draw
the following conclusions based on these values :
� If P l

c < threshold (say 0:6), this implies that
the model for class l gives data samples belonging to



the same class an average probability of less than 0.6
(non-aggressive model). Consequently, it must be the
case that the model does not match the data very well,
hence the resolution of the model for the class l must
be increased by adding components to its model.
� If P l

i > threshold (say 0:6), this implies that the
model for class l gives a high probability to data sam-
ples from other classes, (invasive model). Hence, in
order to improve the overall performance of the clas-
si�er, the number of components in the model for this
leaf has to be reduced.

The above two observations form the basis for adapt-
ing the size of the model for selected allophones using
the discriminant measure. The �rst step in the proce-
dure involves constructing a number of systems using
the conventional rule of thumb to pick the number of
gaussians for each class. All the systems that we ex-
perimented with had the same number of allophones,
3042, and we constructed 7 systems using the rule of
thumb for picking the number of gaussians, and as-
suming a maximum of 4, 5, 6, 7, 8, 20 and 56 gaus-
sians per mixture. The total number of gausians in
these systems were respectively 12156, 15187, 18205,
21204, 24183, 57129 and 117016; we will refer to these
systems in the following sections as M4, M5, M6, M7,
M8, M20 and M56 respectively.

In the next step of the procedure, the dl values
are obtained for one of these systems , say M4. Subse-
quently, those allophones that had P l

c � 0:6 were iden-
ti�ed as non-aggressive allophones, and the mixture
models for these allophones were replaced the corre-
sponding mixture models from a larger system (M20).
This resulted in a system that had 13800 gaussians
will be referred to as M4xM20-0.6. A similar pro-
cedure can be carried out for the other systems. In
the results presented in this paper, we only experi-
mented with improving the models of non-aggressive
allophones, and not the invasive allophones.

3.2.1 Speaker Adaptation|We also investigated
the use of this technique to change the complexity of
speaker-adapted models based on adaptation data pro-
vided by the test speaker. We constructed speaker-
adapted gaussians for the M8 and M56 systems us-
ing MAP re-estimation [9] based on 50 sentences of
adaptation data provided by each test speaker. Sub-
sequently, we evaluated the discriminant measure on
the adaptation data for each speaker using the M8
speaker-adapted models, and replaced the mixture mod-
els for the non-aggressive allophones with the models
from the M56 speaker-adapted system.

4 EXPERIMENTAL RESULTS

4.1 Speaker-independent

We carried out recognition experiments using the M4-
M56 systems, as well as the complexity adapted sys-
tems M4xM20-0.6, M6xM20-0.6, M8xM20-0.6, and M8xM56-
0.6. The test data comprised of continuous speech
from 10 speakers reading approximately 60 sentences
each of business-related and o�ce correspondence-related
items. The results are tabulated in Table I and plot-
ted in Fig. 2. In Fig. 2, the error rate is plotted as a
function of the total number of gaussians in the sys-
tem. The lower curve corresponds to the complexity-
adapted systems and can be seen to be uniformly bet-
ter than the conventional systems.

Table I
Model type # of gaussians Error rate

M4 12.2k 19.65
M5 15.2k 18.78
M6 18.2k 18.57
M7 21.2k 17.9
M8 24.2k 17.42
M20 57.1k 16.37
M56 117.0k 16.09

M4xM20-0.6 13.8k 19.0
M6xM20-0.6 19.6k 17.58
M8xM20-0.6 25.4k 16.94
M8xM56-0.6 27.0k 16.73

4.2 Speaker-adapted

The results for the speaker-adapted case are summa-
rized in Table II. The test data comprised of the same
10 test speakers as above, and the adaptation data
comprised of 50 sentences from each speaker. In Table
II, M8sa indicates that the parameters of the gaussians
of the M8 system were re-estimated using Bayesian
adaptation [9] based on the adaptation data from the
test speakers. Similarly,M56sa refers to speaker-adapted
gaussians in the M56 system, and M8saxM56sa-0.6
refers to the complexity adapted systems that were
constructed by putting together the M8sa and M56sa
systems. Finally, M8xM56-0.6sa indicates that the pa-
rameters of the M8xM56-0.6 system were re-estimated
using Bayesian adaptation based on the adaptation
data from the test speakers. Further, as the number of
gaussians di�ers for each speaker in the M8saxM56sa-
0.6 case, the number of gaussians indicated in Table
II refers to the average number of gaussians over all
speakers. The results in Table II indicate that most of
the advantage to be gained by adapting the complexity
of the models is obtained for the speaker-independent
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Figure 2: Plot of error rate as function of total number
of gaussians

case itself, and there is not much more to be gained
by adapting the complexity of the models speci�cally
for each speaker.

Table II
Model type Av. # of gaussians Error rate

M8sa 24.2k 13.52
M56sa 117.0k 12.97

M8saxM56sa-0.6 26.4k 13.30
M8xM56-0.6sa 27.0k 13.11

5 CONCLUSION

We presented a discriminant measure that can be used
to determine the model complexity (i.e., number of
gaussians used) in a speech recognition system. In
general, the gaussian-mixture models that are used
to represent the allophones in speech recognition sys-
tems are constructed from the training data belonging
to the allophone classes, and the number of mixture
components that are required to adequately model the
pdf of each class is determined by using some simple
rule of thumb { for instance making the number of
components proportional to the amount of data. How-
ever, such methods may result in models that are sub-
optimal as far as classi�cation accuracy is concerned.
In this paper we presented a new discriminant measure
that can be used to determine in an objective fashion,
the number of gaussians required to best model the
pdf of an allophone class. Experimental results show
that the systems constructed in this manner generally

provide better performance than systems constructed
in the conventional manner.
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