[2R2 Exflsks U H—FURI Y

Science Tokyo Research Repository

Od/dodn
Article / Book Information

Title MDL-Based Cluster Number Decision Methods for Speaker Clustering
and MLLR Adaptation

Citation ISCA Workshop on Adaptation Methods for Speech Recognition
(ITR2001), Vol., No., pp. 41-44

Pub. date 2001, 9

Powered by T2R2 (Science Tokyo Research Repository)


http://t2r2.star.titech.ac.jp/

MDL-Based Cluster Number Decision Methods for Speaker Clusteringand MLLR Adaptation

Zhipeng Zhang and Sadaoki Furui

Tokyo Institute of Technology, Department of Computer Science
2-12-1 Ookayama, Meguro-ku, Tokyo, 152-8552 Japan
{zzp, furui} @furui.cstitech.ac.jp

ABSTRACT

Speaker clustering is one of the major methods for speaker
adaptation. MLLR (Maximum Likelihood Linear Regression)
adaptation using transformation matrices corresponding to
phone classes/clusters is another useful method especially when
the length of utterances for adaptation is limited. In these
methods, how to decide the most appropriate number of clus-
tersis an important research issue.  This paper proposes to use
the MDL (Minimum Description Length) criterion to decide
the optimum number of speaker clusters as well as phone clus-
ters according to the size of utterances for clustering and adap-
tation.  Experimental results of speaker clustering and
MLLR-based speaker adaptation show that the MDL criterion
derives the optimum number of clusters according to the size of
utterances, which achieves the highest recognition perform-
ance.

1. INTRODUCTION

In large-vocabulary continuous-speech recognition, it is usually
unredlistic to collect a sufficiently large set of training data for
each speaker. Therefore, speaker adaptation of phone HMM
is indispensable to achieve high recognition accuracy. We
previously proposed an incremental speaker adaptation method
in which an initial model for speaker adaptation was selected
from a set of models made by speaker clustering [1]. In the
adaptation phase, a cluster-dependent model that achieved the
largest likelihood was selected and then MLLR (Maximum
Likelihood Linear Regression) [2] was performed based on
phone classes. This method was very effective to improve the
recognition accuracy especially when the length of the utter-
ance for speaker adaptation was short.

In these experiments, the optimum number of clusters for
both speaker clustering and MLLR adaptation was determined
experimentally. The system performance was largely de-
pendent on the number of clusters for both speaker clustering
and MLLR adaptation. The performance decreased if the
number of clusters was too small and there was also a steep
degradation if the number of clusters was too large. The op-
timum number of clusters depended on the size of data used for
clustering and adaptation, respectively. Hence, how to decide

the optimum number of clusters for both speaker clustering and
MLLR adaptation is an important issue.

To decide the optimum number of clusters, we propose to
use the MDL (Minimum Description Length) [3] criterion that
has been proven to be effective in selecting the optimum model
among various statistical models.  In the case of speaker clus-
tering, the description length (DL) according to each number of
clusters is calculated and the number of clusters giving the
shortest DL value is chosen. Once the initial model is chosen
from a set of speaker-cluster-dependent HMMs, MLLR adapta-
tion is applied to improve the performance. The MDL crite-
rion is aso used to decide the optimum number of MLLR
transformation matrices according to the amount of adaptation
data. These methods are tested with large-vocabulary con-
tinuous-speech recognition experiments using a spontaneous
speech corpus.

Section 2 describes the methods of optimum number deci-
sion for speaker clustering and MLLR adaptation. Section 3
represents the results on spontaneous speech recognition ex-
periments conducted to evaluate the performance of the MDL
criterion to decide the optimum number of clusters for speaker
clustering and MLLR adaptation. The paper concludes with
discussion and future research issues.

2. MDL CRITERION FOR SPEAKER
CLUSTERING AND MLLR ADAPTATION

2.1 Speaker clustering

Since directly clustering speech data uttered by many speakers
needs huge amount of computation, we cluster
speaker-dependent models rather than directly clustering
speech data.  Speaker-dependent phone HMM (SD-HMM) is
first built based on the Baum-Welch agorithm for each speaker
using a large set of speech data uttered by the speaker. Since
al the SD-HMMs for different speakers have the same number
of states, the distance between them can be defined with the
following equation:
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where b;g represents the output probability distribution function
of the mth mixture in the S-th state, and S and M represent
the number of states and the number of mixtures in each state,
respectively. In the distance calculation, only the mean values
of distributions are taken into account. The differences of co-
variance, transition probabilities and weights are neglected.

Based on a distance matrix containing the distances be-
tween each SD-HMMSs, a clustering procedure originally pro-
posed for the "SPLIT" speech recognition system [4] is carried
out to cluster speskers. After clustering, phone HMM for
each cluster (Cluster-HMM) is made using all the utterances
belonging to the cluster. Each Cluster-HMM s trained using
the MAP (Maximum A Posteriori probability) [5] method.

2.2 MDL Criterion

MDL criterion has been proven to be effective in selecting the
optimum model among various statistical models. It selects
the model with the minimum DL for given amount of data
When a set of models{1,...,i,...,I} isgiven, DL |®for data X=
{ X,,..., X } and amodel i is defined by:
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where q; is the number of free parameters of the model i, and
69 represents the estimated value of the parameter goof the
model i. The first term on the right-hand side represents the
negative of the log likelihood. The second term is related to
the complexity of model i and the number of data samples N.
The third term is assumed to be constant. As the model be-
comes more complex, the value of the first term decreases and
the second term increases. When comparing various models,
the model with the shortest DL is considered to have the most
appropriate size and complexity.

2.3 MDL-based number of cluster decision
for speaker clustering

We apply the MDL criterion to decide the optimum number of
speaker clusters. The DL can be written as:
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where C is the number of clusters, Sis the number of states, n
is the number of vector dimensions, and p is a penalty parame-
ter. The DL for each number of clustersis calculated and the
number of clusters giving the minimum DL value is chosen.

2.4 MDL-based number of cluster decision
for MLLR

We apply the MDL criterion to the MLLR-based speaker adap-
tation using phone classes/clusters. The Gaussian mean pa-
rameters of each HMM are updated according to the following
equation:

A=Au+b 4)

where A is an nXn matrix and b is an n-dimensional vector.
The number of free parameters for MLLR transformation can
be considered to be nX(n+1) and, therefore, the DL can be
defined by:
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where C is the number of clusters, n is the number of vector
dimensions, and p is a penalty parameter. The DL for each
number of clustersis calculated and the number of cluster giv-
ing the minimum DL value is chosen.

3. EXPERIMENTS ON A JAPANESE
SPONTANOUS SPEECH RECOGNITION
SYSTEM

3.1 Language models

A national project, entitled “ Spontaneous Speech: Corpus and
Processing Technology” was started in 1999 organized by the
Science and Technology Agency of Japan under the supervi-
sion of Furui [6]. This project will be conducted over a 5-year
period in pursuit of the following three major goals: (1) build-
ing a large-scale spontaneous speech corpus mainly consisting
of presentation utterances, (2) acoustic and linguistic modeling
for spontaneous speech understanding and summarization, and
(3) constructing a prototype for automatic speech summariza-
tion.

Speech recognition experiments for evaluating the
MDL-based method proposed in this paper were conducted
using a part of the corpus built in the national project. The
training set consisted of 610 presentations: 274 academic con-
ference presentations and 336 smulated presentations. The
simulated presentations talking about a wide variety of topics
including the subjects’ experiences in their daily lives were
specialy recorded for the project.

3.2 Acoustic models

The 25 elements feature vector extracted from the speech sam-
ples consisted of 12 MFCC parameters, their delta features
(derivatives) and normalized logarithmic power. The MFCC
parameters were normalized by the cepstral mean subtraction
(CMS) method.

Speech data consisting of 111,177 utterances (approxi-
mately 59 hours) uttered by 338 male speakers were used to
train the speaker-independent (SI) HMM. The SI-HMM was
gender-dependent shared-state triphone HMM and was de-
signed using the tree-based clustering. The number of states in
the model was 3000 and there were 16 Gaussian mixtures in
each dtate.

3.3 Evaluation data

Speech data consisting of 150 presentation sentences uttered by
3 male speakers were extracted as a test set. The total duration



of the utterances from each speaker was respectively 6,7 and 6
minutes.

3.4 Experimental results of optimum num-
ber of cluster decision in speaker clustering

First, a cluster-selection-based speaker adaptation experiment
was performed. The total number of utterances for construct-
ing the cluster-dependent HMM was 21,704 (approximately 15
hours). It was about 1/4 of the data from 338 speakers that
were used to train the SI-HMM. A test utterance was decoded
using the SI-HMM and a phone label sequence was produced.
Phone HMMs for each cluster-dependent HMM (Clus-
ter-HMM) were concatenated according to the label sequence
and used for re-calculating the likelihood. The best Clus-
ter-HMM vyielding the maximum likelihood was selected and
used to re-recognize the input utterance. Figure 1 shows the
DL value as a function of the number of clusters. Figure 2
shows the mean word recognition accuracy for the test set ac-
cording to the number of clusters. The highest accuracy is
obtained when the number of clusters is 4, which corresponds
to the condition derived by the MDL criterion. The penaty p
in the equation for calculating DL was set at 1.1 in the series of
experiment in this section.
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Figure 1: DL as a function of the number of speaker
clusters (Number of utterances for clustering: 21,704).
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Figure 2: Recognition accuracy as a function of the num-
ber of speaker clusters (Same condition as Figure 1).

Then we increased the amount of data for constructing the
cluster-dependent model to 50,303 utterances (approximately
35 hours). It was about 3/5 of the data from 338 speakers that
were used to train the SI-HMM.  Figure 3 shows the DL value
for each number of clusters. Figure 4 shows the word accu-
racy for the test set according to the number of clusters. The
highest accuracy is obtained when the number of clustersis 16,
which corresponds well to the optimum condition derived by

the MDL.
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Figure 3: DL as a function of the number of speaker
clusters (Number of utterances for clustering: 50,303)
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Figure 4: Recognition accuracy as a function of the number
of speaker clusters (Same condition as Figure 3).
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3.5 Experimental results of optimum num-
ber of cluster decision for MLLR adaptation

The next experiment was performed to evaluate the effective-
ness of the MDL-based phone class number decision for im-
proving the MLLR-based adaptation. Supervised MLLR adap-
tation was performed using 50 utterances for each speaker.
Figure 5 shows the DL for each number of classes, and Figure
6 shows the mean word accuracy for the test set. The opti-
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Figure 5: DL as a function of the number of phone
classes (Number of utterances for speaker adaptation: 50,
nitial model: speaker-independent model).
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Figure 6: Recognition accuracy as a function of the
number of phone classes (Same condition as Figure 5).
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mum number of classesis 8 and it corresponds to the condition
derived by the MDL criterion. The penalty p was set at 1 for
the experiments in this section.

As the next step for improving the performance, we used
the Cluster-HMMs instead of the SI-HMM as an initial model
for MLLR adaptation. Supervised MLLR adaptation was
performed using the same adaptation data as the previous
experiment for each speaker. Figure 7 shows the DL value of
each phone class number and Figure 8 shows the mean word
accuracy for the test set. Comparing with the result given in
Figure 6, it is observed that cluster-specific initial HMM is
better than the SI-HMM for the MLLR adaptation. The for-
mer method reduces word error rates by 11.5% relative to the
baseline using the SI-HMM for recognition. The results also
show that the MDL method derives number of clusters that
produced only slightly less than optimum recognition.
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Figure 7: DL asafunction of the number of phone
classes (Number of utterances for peaker adapta-
tion: 50, initial model: speaker-cluster model).
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Figure 8: Recognition accuracy as a function of the
number of phone classes (Same condition as Figure 7).

We then reduced the amount of adaptation data for each
speaker to 10 utterances. Figure 9 shows the DL value of
each class number and Figure 10 shows the mean word accu-
racy for each class number condition. It is shown that the
optimum number of classes is 4 and the MDL method derives
number of clusters that produced only dlightly less than opti-
mum recognition.

4. CONCLUSION

An MDL-based optimum number of cluster decision method
has been investigated in the framework of speaker adaptation
using initial models made by speaker clustering for MLLR
adaptation with phone classes. Experimental results show that
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Figure 9: DL as afunction of the number of phone
classes (Number of utterances for spesker adapta-
tion: 10, initial model: speaker-cluster mode!).

4.50E+05

70

2 4 8 16 32 64

) Number of phoneclasses
Figure 10: Recognition accuracy as a function of the
number of phone classes (Same condition as Figure 9).

the proposed method is effective to decide the number of
speaker clusters and phone classes according to the size of ut-
terances for clustering and adaptation, respectively. The
method of combining the speaker clustering and the MLLR
adaptation reduced WER by 11.5% relative to the baseline
using speaker-independent HMM.

Future research includes constructing more precise clus-
ter-specific models and more general adaptation methods that
can contend with not only speaker-to-speaker variability but
also noise and channel variations to make recognition systems
more robust against awider range of mismatch conditions.
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