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ABSTRACT

Many adaptation scenarios rely on clustering of either the

test or training data. Although consistency between the cluster-

ing and adaptation objective functions is desired, most previous

approaches have not implemented such consistency. This paper

shows that the statistics used in Maximum Likelihood Linear

Regression (MLLR) adaptation are su�cient to cluster data

with a consistent Maximum Likelihood (ML) criterion. In ad-

dition, as the algorithm uses the same statistics for both adap-

tation and clustering, it is computationally e�cient. Clustering

experiments contrasting the performance of this algorithm with

the widely used text independent Gaussian mixture model ap-

proach show increased adaptation likelihoods and consistency of

within-cluster speaker identity. In a speaker identi�cation ex-

periment the adaptation-based scoring showed improved clas-

si�cation performance compared to the mixture model-based

scoring.

1. INTRODUCTION

Acoustic model adaptation for speech recognition has been an

e�ective way to improve recognition accuracy. In particular, the

model transformation technique Maximum Likelihood Linear

Regression (MLLR) [1] is widely used. Although this technique

requires fairly little adaptation data (several tens of seconds per

transformation), this data requirement remains problematic if

only very little adaptation data is available (rapid adaptation)

or if a large number of transformations are desired. As a re-

sult, recent research e�orts in acoustic model adaptation have

focused on robust transformation estimation with very little

available adaptation data per transform (several seconds). The

developed techniques can be seen as split in two general ap-

proaches. The �rst approach is to incorporate additional data.

In [2], the problem of rapid adaptation is addressed by using

the Expectation-Maximization (EM) counts from the training

data to smooth the EM counts from the adaptation data. In

[3], relationships between multiple transformation classes are

learned from the training set and used in testing to incorporate

the adaptation data from neighboring classes for the estima-

tion of the transform of a target class. For the Broadcast News

task, clustering techniques with various distance metrics are

used [4, 5, 6, 7] to �nd pools of adaptation data that will share

transformations. Common among most of these approaches is

that Text Independent Gaussian Mixture Models (TIGMMs)

are used to characterize the individual adaptation data chunks

(i.e. the smallest fragments of adaptation data). The second

approach is to start with clustering the training data and com-

puting cluster-dependent transformations or cluster-dependent

models. Then, in the test phase, Maximum Likelihood (ML)

estimates of linear combination weights are computed from the

adaptation data. Using these weights, the contributions of the

clusters are linearly combined providing the adapted system. As

the number of free parameters of adaptation transformations or

acoustic models are much larger than the cluster combination

weights, the number of parameters that are to be estimated from

the adaptation data is much smaller improving the robustness

of the estimates. Several such approaches have recently been

described varying in the part of the adapted system that is ob-

tained by the linear combination from the clusters. In [8] an

adaptation transformation is obtained by linear combination.

In [9, 10, 11] the adapted model means are a linear combination

of cluster model means. In [12] the likelihood of the adapted

system is a linear combination of cluster model likelihoods.

The recurring element in most of the previously reported al-

gorithms is that either the test or training data is clustered.

However, the automatic clustering procedures generally do not

optimize an objective function consistent with the ML criterion

used in MLLR. The approaches represent the data chunks using

a di�erent model than the one used in recognition, hence the

con�guration that optimizes the clustering objective function

does not necessarily optimize the MLLR adaptation likelihood.

Furthermore, since a model is used in addition to the recog-

nition model, all the described clustering approaches incur an

additional computational cost. In [13], starting from an initial

cluster con�guration, MLLR likelihood was optimized. How-

ever, the described optimization process is not as e�cient as

the algorithm described in section 2. Here it is shown that the

statistics required to compute the MLLR transformations are

su�cient to cluster chunks using MLLR likelihood as the objec-

tive function. The computation of the MLLR statistics for the

purpose of clustering does not pose an additional computational

overhead as they will be used for adaptation in the �nal cluster

con�guration. Hence, the clustering algorithm presented here is

both consistent, as it directly optimizes the MLLR likelihood,

and e�cient, as it uses the statistics already required for MLLR

adaptation.

2. MLLR-BASED CLUSTERING

The clustering algorithm that optimizes the MLLR adapta-

tion likelihood only requires the su�cient statistics that are

collected to estimate the linear regression parameters in MLLR.

First, in section 2.1, those su�cient statistics are de�ned. Then,

in section 2.2, the two operations essential to any MLLR-based

clustering approach are described. It describes how to reesti-

mate a cluster representative from the statistics of its members

and how to repartition the data across clusters, both using data

likelihood as the objective function. Finally, in section 2.3, dif-

ferent clustering algorithms are discussed.



2.1. MLLR Statistics

As described in [1], MLLR transforms the n dimensional

means �(m) of Gaussian components m of an unadapted sys-

tem to obtain the means �̂(m) of an adapted system by linear

regression as
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and A is the extended n � (n + 1) transformation

matrix [Wb]T .
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where j : j denotes a matrix determinant, �(m) is the covariance

and K(m) is the normalization constant of Gaussian component

m, K is a constant depending only on the transition probabili-

ties and m(t) is the posterior probability of being in Gaussian
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The matrices Z and Gi for i = 1; � � � ; n are a su�cient statistic

for MLLR estimation as the i-th row of the ML estimate of the

transformation A can be obtained as ai = ziG
�1
i

.

2.2. Re-estimation and Repartitioning

For clustering, assume the MLLR su�cient statistics, Z and

Gi for i = 1; � � � ; n, are available for each data chunk that is to

be clustered. Each cluster c will be represented by a transfor-

mation A(c) which is comprised of row vectors a
(c)
i

, i = 1; � � � ; n.

In the re-estimation step, the cluster representative A(c) is de-

rived by ML estimation from the data of the cluster members.

This is equivalent to the ML estimation procedure of transfor-

mation A described in section 2.1, using adaptation data set

O equal to the union of the data sets of each cluster member.

The ML estimate is therefore easily obtained using the sums of

chunk su�cient statistics of the cluster members.

In a repartition step, each chunk is to be assigned to the

most likely cluster. In other words, each cluster can provide

an adapted model set M̂c by application of its representative

transformation A(c) to the original model setM and each chunk

is to be assigned to the cluster whose M̂c results in the highest

chunk data likelihood. De�ning the chunk sample statistics
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and making the assumption that the posterior probabilities

given the adapted model are equal to those given the unadapted

model, the likelihood of the chunk data as function of a cluster

adapted model set M̂c can be written as

L(M;M̂c) = K �
1

2

MX
m=1

TX
t=1

m(t)
�
K

(m)+

log(j �(m)
j) + trf�(m)�1 ~�(m)

g+

(~�(m)
� �̂

(m))T�(m)�1(~�(m)
� �̂

(m))
�
; (7)

where trfg denotes a matrix trace. Then, considering only those

terms dependent on the transformation A
(c) a modi�ed likeli-

hood is de�ned as
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Finally, let Y (c) be the n � (n + 1) matrix with the i-th row

equal to a
(c)
i
Gi, then the modi�ed likelihood can be expressed

in terms of the MLLR su�cient statistics as
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This shows that the statistics su�cient for MLLR transform

estimation are also su�cient for performing the clustering steps

with an ML criterion.

Note that this derivation easily extends to the case of R re-

gression classes with R > 1. This divides the adaptation data

in R disjoint observation sets so there will be R sets of su�cient

statistics, each cluster will be represented by R transformations

and the modi�ed likelihood, de�ned in equation 9, will be a sum

over the di�erent regression classes.

2.3. Clustering Approaches

In pilot experiments, several clustering approaches were im-

plemented using the ML re-estimation and repartitioning ex-

pressions derived in section 2.2. It was observed that both bi-

nary divisive and K-means approaches showed many local op-

tima, possibly explained by the fact that initial clusters will

be highly inconsistent (in terms of transformation characteris-

tics), resulting in near identity transformations for every clus-

ter. The agglomerative approach, used in all subsequent exper-

iments, showed more desirable convergence properties. In this

approach, each chunk was initially considered a cluster with a

single chunk occupancy. Then, merges were evaluated using a

likelihood ratio test for all possible cluster pairs and the merge

resulting in the smallest likelihood loss was applied. This pro-

cess was repeated until the empirically desired number of clus-

ters was reached or until the likelihood loss exceeded an empir-

ically set threshold. For each candidate merge of clusters l and



r, the representative of the merged cluster s was computed �rst

and the likelihood loss computed as

L
0(M;M̂

l
) + L

0(M;M̂r)� L
0(M;M̂s); (10)

using the expression given in equation 9.

3. EXPERIMENTS

Experiments were conducted on a database of approximately

100 hours of voicemail recordings obtained from the mailboxes

of 140 employees at AT&T. The messages were recorded from

a variety of telephones including regular handsets and cellular

phones. The speech signals were retrieved from the voicemail

store which stored their digitized representation using an 8 kHz

sampling rate and 8-bit �-law samples.

The base HMM model set was trained on 39 dimensional

observation vectors consisting of 12 Mel-warped cepstral coef-

�cients, an energy component and their �rst and second order

time derivatives. The models are Gender Dependent (GD) and

reported experimental results are only on male data using the

male system. Similar results were obtained from the female sys-

tem. The training set used to train the HMM system consisted

of approximately 60 hours, equally divided among genders. The

HMM system was a state-clustered triphone system using de-

cision tree clustering to determine the state tying. The male

system had 4016 tied states, each modeled by a 12 component

Gaussian mixture distribution. The mixture distributions were

trained using Baum Welch (BW) re-estimation. Starting from

single component mixture distributions for the tied states, the

mixture distributions were obtained by incrementally increas-

ing the number of mixture components, using the N component

estimates to initialize training of the N + 1 component densi-

ties. Word boundaries were retained at �xed locations during

BW training and were adjusted using Viterbi alignment with

the 6, 8 and 10 component intermediate complexity systems.

The recognition performance of this system on the 40 hours not

used in training (using a 20k vocabulary and a trigram lan-

guage model trained on 652k words from the training reference

transcripts) was 33.3% WER.

To evaluate the performance of the clustering algorithm, 890

messages from 120 male speakers were clustered into 120 clus-

ters. The available data per speaker ranged in duration from 91

seconds to 1635 seconds. The duration of the messages ranged

from 1.95 seconds to 184 seconds. In the clustering experi-

ments, all non-silence data from a single message constituted a

data chunk (890 chunks in total). The MLLR-based clustering

experiments used a single regression class with a full transform.

To compare the performance of the MLLR-based clustering

algorithm, an approach similar to the one described in [6] was

implemented. In this approach 64 component, diagonal covari-

ance TIGMMs were estimated using EM re-estimation for all

chunks. The features used for these experiments were 12 di-

mensional linear predictive coding-based cepstral coe�cient and

their derivatives. The chunks were then clustered agglomera-

tively using a likelihood-based distance metric and the furthest-

neighbor algorithm. The 64 component mixture densities were

trained similarly to the HMM system in terms of the incremen-

tal increase of the number of mixture components. To avoid

data sparsity problems on very short messages, the covariances

of mixture components were tied during the incremental mix-

ture component increase if fewer than 100 training frames were

available for a mixture component that was to be split.

Consider the MLLR likelihood range from a lower bound

(all chunks share a single MLLR transformation) to an upper

bound (each chunk has its own MLLR transformation). The

120 cluster con�guration found by the MLLR-based clustering

algorithm reached 45.9% of this range in comparison to 38.9%

using the TIGMM approach. Grouping the messages in 120

clusters using the supervisory information about speaker iden-

tity resulted in 43.2% of this range.

Using the evaluation criterion reported in [5], cluster purity

can be computed as the percentage of messages in a cluster that

are from the most frequently represented speaker (dominating

speaker) in that cluster. Figure 1 shows this metric for the 120

cluster con�guration found by the TIGMM approach, �gure 2

for the MLLR-based approach.

Another evaluation of the clustering performance was to mea-

sure how many cluster merges during the agglomeration in-

volved two clusters with no speakers in common. After the

770 cluster merges to form the 120 cluster con�guration from

the 890 messages, 102 such errors were counted for the MLLR-

based approach compared to 260 for the TIGMM approach.

Figure 3 shows the accumulative number of merge errors for

the MLLR-based approach next to the likelihood losses (equa-

tion 10) of those merges. It shows there is a correlation between

the increase of the likelihood losses of subsequent merges and

the number of merge errors indicating that the likelihood loss

increase can be used as a complexity control parameter. The

merge costs in the TIGMM approach did not show such a cor-

relation to merge errors.
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Figure 1: Cluster purity of the 120 cluster con�guration

found by the TIGMM-based clustering approach.
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Figure 2: Cluster purity of the 120 cluster con�guration

found by the MLLR-based clustering approach.
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Figure 3: Cumulative merge errors and merge costs of

the MLLR-based clustering approach.

Another application of the MLLR-based clustering formula-

tion is that it can be used to classify test messages. Given a

set of transformations, one for each speaker in a training set,

a speaker identi�cation experiment can be conducted by �nd-

ing the most likely training speaker for the MLLR statistics of

a test message. To evaluate the performance of such a classi-

�cation scheme, 268 messages were selected from the 40 hour

test set. The speaker identities of these messages were overlap-

ping with the 120 speakers used in the clustering experiments.

First, MLLR transformations were computed for the 120 speak-

ers using their training messages. Then, MLLR statistics were

computed for the 268 test messages based on the recognizer

transcripts (33.3%WER). The correct classi�cation rate of this

scheme was 81% compared to 65% using a similar scheme with

TIGMMs.

All clustering and speaker identi�cation experiments were re-

peated with 42 regression classes (one per center phone) with

diagonal plus shift transformations. For this set of experiments,

the performance was slightly worse than the full transform setup

but still better than the TIGMM approach for all evaluation

metrics.

4. CONCLUSIONS

Many of the adaptation approaches intended for use with lit-

tle adaptation data require either the training or test data to

be clustered. As this clustering is intended to be used for adap-

tation, a consistent approach is to use adaptation likelihood as

the clustering objective function. This paper shows how the

MLLR statistics are su�cient for a very e�cient implementa-

tion of such a clustering scheme. Clustering results on a voice-

mail database show that the algorithm �nds cluster con�gura-

tions that result in both higher adaptation likelihood as well as

more consistent within-cluster speaker identity than the more

widely used approach based on TIGMMs. The experiments

showed that the likelihood of the cluster con�guration found by

the MLLR-based clustering algorithm exceeded the likelihood

of the con�guration de�ned by the supervisory speaker iden-

tity information. This can be explained by the fact that MLLR

adaptation compensates for both channel and speaker charac-

teristics and both vary in the voicemail data used in these ex-

periments. This illustrates the usefulness of the MLLR-based

clustering approach even in tasks where supervisory information

is available.

Evaluation of the MLLR-based approach in a speaker identi�-

cation type of application showed improved performance of the

adaptation-based classi�cation compared to use of TIGMMs.

The performance of the algorithms on an open task (adding

the requirement of being able to reject messages of unknown

speakers) was not tested.
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