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Abstract

We present an approach to cluster the training data
for automatic speech recognition (ASR). A relative-
entropy based distance metric between training data
clusters is de�ned. This metric is used to hierarchi-
cally cluster the training data. The metric can also
be used to select the closest training data clusters
given a small amount of data from the test speaker.
The selected clusters are then used to estimate a set
of hidden Markov models (HMMs) for recognizing the
speech from the test speaker. We present preliminary
experimental results of the clustering algorithm and
its application to ASR.

1 Introduction

While progress in ASR has been encouraging, it has
become increasingly clear that ASR systems must
perform well in the presence of mismatches between
the training and testing environments. ASR systems
trained in one environment often perform poorly in
a new environment due to mismatches between the
training and testing conditions. Common sources of
mismatches include di�erent transducers and chan-
nels, di�erent speaking styles, and the presence of
varying ambient and channel noise.
Even in traditional speaker-independent recogni-

tion systems that are trained and tested under sim-
ilar environments, there is still a mismatch in that
each test speaker is di�erent from the training speaker
population. With a su�cient amount of training
data from the test speaker, we could train a speaker-
dependent model that would give us the best recog-
nition performance. Typically, however, we do not
have access to such large amounts of data from the
test speaker, and hence rely on using well-estimated
models from a large amount of training data from
similar speakers, for example, speakers from the same
geographical region.
In this paper, we present a novel method to improve

ASR performance under mismatched conditions. The
method is based on clustering the training data to
e�ciently represent the acoustic space of the training

environment , and estimating a separate set of HMMs
for each cluster. During testing, the training cluster

Ci that is \closest," in some sense, to the adaptation
data is chosen, and its corresponding set of HMMs
�i is used to estimate the models for recognizing the
test utterance. In some mismatch situations, such as
speaker mismatch, this idea is appealing because the
test speaker is more likely to resemble some cluster
of the training speakers than the entire training set
taken as a whole.
Current approaches to the problem of mismatch be-

tween the training and testing environments include
adaptation methods based on maximum-likelihood
(ML) estimation of the parameters of a hypothesized
transformation from the training to the testing en-
vironment [1, 2], and maximum a posteriori (MAP)
estimation techniques [3]. The MAP approaches per-
form well with large amounts of adaptation data but
poorly with limited adaptation data, since, in this
case, they are biased in favor of the training data.
The ML-based transformation methods may be used
with small amounts of adaptation data. However,
their e�cacy rests largely on the correctness of the
hypothesized transformation, which, in most cases, is
unknown.
As opposed to the MAP approach of [3], the algo-

rithm presented in this paper uses a relatively small
amount of adaptation data while e�ciently organiz-
ing the training data. No assumption is made about
the underlying transformation between the training
and testing data, as in the ML approaches of [1, 2].
Thus, the new method is a candidate for handling a
wide range of possible mismatches.

2 Training Data Clustering

The concept of clustering the training data is already
used in a trivial sense in many ASR systems that use
gender-dependent models. However, our approach
extends this idea further by training many template

model sets, one for each cluster of the training data.
We form the clusters of training data in the form

of a hierarchical cluster tree. The leaves of the tree
represent the N individual speakers in the training
data, and the root represents all the training speak-
ers. The cluster tree is built using an agglomerative
clustering scheme [4], based on a relative-entropy dis-
tance metric [5]. The models we use to compute the
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distance metric are mixtures of gaussian densities. A
similar distance metric for speaker clustering was con-
sidered in [6]. However, in that work, the observations
were assumed to be discrete, instead of continuous as
in this work. Furthermore, in [6], the models used
to compute the relative entropy are discrete density
HMMs, whereas in our work we use mixture gaussian
models.
Speci�cally, we �rst estimate the parameters of the

mixture gaussian density models for each of the N
training speakers. Then we compute the inter-speaker
distances Ds(m;n) for m;n = 1; � � � ; N as

Ds(m;n) =
1

2

h
D�m;�n +D�n;�m

i
; (1)

with

D�m;�n = log p(xmj�m)� log p(xmj�n); (2)

D�n;�m = log p(xnj�n)� log p(xnj�m); (3)

where xm, xn are the sets of feature vectors corre-
sponding to speakers m and n, and �m, �n represent
the mixture gaussian density models for speakers m
and n.
Having computed all the inter-speaker distances,

we build the tree by merging, at each iteration, the
two clusters that are the closest according to some
inter-cluster distance metric. Three such distance
metrics [4] were considered:

dmin(Ci; Cj) = min
�m2Ci;�n2Cj

Ds(m;n); (4)

dmax(Ci; Cj) = max
�m2Ci;�n2Cj

Ds(m;n); (5)

davg(Ci; Cj) = avg
�m2Ci;�n2Cj

Ds(m;n): (6)

3 Recognition Using Cluster

Tree

Once the cluster tree is built, we can train a sepa-
rate HMM recognition model for each cluster. Dur-
ing recognition, a small amount of data from the test
speaker is used to select the best cluster. Then the
HMM corresponding to this cluster is used for recog-
nition. Alternately, we can augment the test data
with the data from the closest cluster in a manner
similar to [7] and estimate a new model for recogni-
tion.
Estimating a separate HMM model set for each

cluster node in the tree would require storage of
a large number of parameters. This may well be-
come infeasible. To address this issue, we use
the maximum-likelihood transformation-based adap-
tation algorithm of [2] to transform the speaker-
independent (SI) HMMs to the HMMs correspond-
ing to the cluster. In this method, each set of tem-
plate models �i, corresponding to the training cluster
Ci, is assumed to be related to the SI models, �SI ,

through a set of parameterized transformations T (�i),
where �i are the set of parameters. These parameters
are estimated so as to maximize the likelihood of the
training utterances Xi in the cluster Ci, given the
corresponding transcriptions Wi, i.e.,

�i = argmax
�i

p(XijWi;�SI ; �i): (7)

Thus, for each template model set, �i, only the cor-
responding transformation parameters �i need to be
stored, in addition to the SI model parameters. In [2],
a separate a�ne transformation is used for each clus-
ter of Gaussian densities in the SI models. The num-
ber of such transformations for each set of template
models �i can be tuned to match the available data
in the corresponding training cluster.
An alternate approach to using the cluster tree is to

only consider the clusters corresponding to the leaves,
i.e., the individual training speakers. During testing,
a small amount of adaptation data X, and the mix-
ture gaussian models corresponding to the leaf nodes
are used to compute theM most likely training speak-
ers. These M speakers are treated as the cluster clos-
est to the test speaker. In our experiments, we used
HMM models to compute the likelihoods of the data.
To avoid a separate recognition run with each of the
M HMM model sets, we approximated the likelihood
computation by

� = argmax
�i

p(Xj�i;WX); (8)

where WX is the word string decoded by a model
�X adapted to the adaptation data provided by the
test speaker. Note that this adaptation data could
be just the test sentence. Equation 8 can be inter-
preted as �nding � that minimizes D�X ;� de�ned in
Equation 2.

4 Experimental Results

4.1 Cluster Tree

In this section, we present an experimental study of
the clustering algorithm. We experimented on the
Wall Street Journal (WSJ) continuous speech recog-
nition corpus [8]. The training set consists 142 male
and 142 female training speakers.
Mixture gaussian models with 32 gaussians were

trained for each of the 284 training speakers. We
then used the agglomerative clustering algorithm de-
scribed in Section 2 to group the training speak-
ers. We experimented with the three distance metrics
given in Equations 4, 5, and 6. We �rst experimented
with only the 142 male speakers.
Since it is intuitive to expect well-balanced trees,

we compared the three distance metrics from the
point of view of how balanced the corresponding trees
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were. To this e�ect, we used a diagrammatic repre-
sentation of the trees, in which we plotted, for each
tree, the number of speakers contained in each cluster
vs. the cluster index (the �rst cluster built by the ag-
glomerative algorithm has index 1, the second cluster
has index 2, : : :, the last cluster (i.e. the root node)
has index N � 1).
The �rst cluster formed by the agglomerative algo-

rithm contains two leaf nodes, and is represented in
our diagram by a point of coordinates (1,2). The sec-
ond cluster to be formed can either group two other
leaf nodes (in which case the next point in the di-
agram has coordinates (2,2)), or add a leaf node to
the already existing cluster (in which case the second
point has coordinates (2,3)), and so on. The last point
in the diagram always has coordinates (N�1, N ). For
example, in this type of diagram, a completely unbal-
anced tree with N = 8 would be represented by the
straight line:

(1; 2); (2; 3); (3; 4); (4;5); (5;6); (6; 7); (7;8);

while a perfectly balanced tree would be represented
by an \exponentially" growing curve:

(1; 2); (2; 2); (3; 2); (4;2); (5;4); (6; 4); (7;8):

In our experiments, the dmin distance metric pro-
duced a very unbalanced tree, as illustrated in Fig-
ure 1(a). This can be explained by the fact that,
with this distance metric, as soon as an initial clus-
ter is formed, it becomes more likely that at the next
iteration an additional speaker will be added to the
existing cluster instead of two speakers outside of the
cluster being merged together to form a new cluster:
each speaker in the initial cluster can \attract" a close
external speaker while a speaker outside the cluster
can only \attract" one of its few neighbors. In con-
trast, the dmax and davg distance metrics resulted in
well-balanced trees (Figures 1(b) and 1(c)).
The quality of the speaker clustering and cluster

identi�cation schemes was veri�ed in a separate ex-
periment. We used the hierarchical tree built using
the davg distance metric to classify 10 sentences from
each training speakers. These sentences were not
among the sentences used to build the speaker mod-
els. We expected our algorithm to choose, for each
sentence, the leaf node corresponding to the speaker
who uttered the sentence. This was veri�ed for 1323
out of the 1420 sentences, yielding an error rate of
6.8%. This error rate could be further decreased by
increasing the number of gaussians used to model
each speaker.
We also clustered the 142 males and 142 females us-

ing the agglomerative clustering algorithm, with the
davg distance metric. On examining the two child
nodes of the root of the cluster tree, we found that
one contained 134 speakers, 131 females and 3 males.
The second cluster had 150 speakers, 139 males, and

11 females. Thus, the error rate in sex-classi�cation
was 4.9%. This is an encouraging result.
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Figure 1: Clustering diagrams representing the num-
ber of speakers included in each cluster of a tree based
on (a) the dmin distance metric, (b) the dmax distance
metric, (c) the davg distance metric.

4.2 Recognition Using Cluster Tree

For this section we used a test set of 230 sentences
from a male subset of the 1993 WSJ development
and evaluation sets. We �rst trained SI (speaker-
independent) genonic acoustic models [9] using the
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18722 utterances from the 142 male speakers. In
an initial experiment, we then estimated a separate
adapted template model set [2] for each of the 10 test
speakers. Recall that only a small number of trans-
formation parameters need to be stored for each tem-
plate model. Equation 8 was then used to identify
the closest template model for each of the 230 test
sentences. In all but 3 sentences, the algorithm iden-
ti�ed the template model correctly, yielding a speaker
identi�cation error-rate of 1:3%. This shows the e�-
cacy of using the relative-entropy measure described
in Section 2.
In a second experiment, we estimated 142 adapted

template models [2], one for each training speaker.
For each test utterance, we computed the N closest
template models using Equation 8, for several cho-
sen values of N . We then estimated the recogni-
tion model based on these N models by averaging
the means and variances of the densities of these N
models. Note that this is similar to a clustering of
the training speakers, except that here the clustering
is done during recognition.

SI Clustering the N template models
N=1 N=3 N=5 N=7

20.9 23.2 21.1 20.5 19.9

Table 1: Word Error Rate (%) Comparisons

Table 1 shows our experimental results. The �rst
column is the SI recognition word error rate. The
following columns give the recognition results for the
new algorithm when estimating a recognition model
by combining the N template models that are closest
to the test utterance. For N = 1, we see that the
performance is worse than that of the SI models. This
can be explained by the fact that the test speaker is
not well modeled by any particular training speaker,
but rather by an appropriate cluster of the training
speakers. This is borne out by the fact that as N
increases, the word error rate decreases. For N =
7, the algorithm achieves about a 5% improvement
over the SI models. We remark that as N increases
further, the error rate will �rst drop, and then, as N
continues to increase, the error rate will start rising,
and will approach the SI error rate. This is because
when N = 142, we are clustering all the 142 models;
which is similar to the SI model. These experiments
show the e�cacy of selecting an appropriate cluster
with the optimal value of N .

5 Summary

We have presented a novel approach based on training
data clustering to improve ASR performance under
mismatched conditions. Initial experimental studies
have been encouraging.

We are currently studying ways to improve perfor-
mance by devising better clustering techniques, and
also by researching di�erent ways of estimating the
recognition models based on these clusters.
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