Enhancements to Transformation-Based Speaker Adaptation:
Principal Component and Inter-Class
Maximum Likelihood Linear Regression

Sam-Joo Doh

Submitted in partial fulfillment of the requirements
for the degree of Doctor of Philosophy

Department of Electrical and Computer Engineering
Carnegie Mellon University
Pittsburgh, Pennsylvania

July 2000



To my family:

Myung-Sook, Hansol, and Unsol



Abstract iii

Abstract

In this thesis we improve speech recognition accuracy by obtaining better estimation of linear transforma-
tion functions with a small amount of adaptation data in speaker adaptation. The major contributions of
this thesis are the developments of two new adaptation algorithms to improve maximum likelihood linear
regression. The first one is call@dncipal component MLLRPC-MLLR), and it reduces the variance of

the estimate of the MLLR matrix using principal component analysis. The second one isictdtetlass

MLLR, and it utilizes relationships among different transformation functions to achieve more reliable esti-

mates of MLLR parameters across multiple classes.

The main idea of PC-MLLR is that if we estimate the MLLR matrix in the eigendomain, the variances
of the components of the estimates are inversely proportional to their eigenvalues. Therefore we can select
more reliable components to reduce the variances of the resulting estimates and to improve speech recogni-
tion accuracy. PC-MLLR eliminates highly variable components and chooses the principal components
corresponding to the largest eigenvalues. If all the component are used, PC-MLLR becomes the same as
conventional MLLR. Choosing fewer principal components increases the bias of the estimates which can
reduce recognition accuracy. To compensate for this problem, we develgjigitted principal component
MLLR (WPC-MLLR)Instead of eliminating some of the components, all the components in WPC-MLLR
are used after applying weights that minimize the mean square error. The component corresponding to a

larger eigenvalue has a larger weight than the component corresponding to a smaller eigenvalue.

As more adaptation data become available, the benefits from these methods may become smaller
because the estimates using conventional MLLR become more reliable. However, if we have a larger
amount of adaptation data, we would use a larger number of MLLR classes, making the amount of adapta-

tion data for each MLLR class smaller. Therefore PC-MLLR and WPC-MLLR can be useful.

It is useful to consider relationships among different parameters when a small amount of adaptation
data is available. Most previous studies use correlations or regression models among the recognition model
parameters in a Bayesian framework. In this thesis, inter-class MLLR utilizes relationships among differ-
ent transformation functions. Inter-class transformations given by linear regressions are used to modify the

baseline mean vectors in the neighboring classes so that the neighboring classes can contribute to the esti-
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mates the MLLR parameters of the target class. If the inter-class transformations are identity functions,
inter-class MLLR becomes the same as conventional single-class MLLR. This idea also can be applied to

other types of transformation-based adaptation and general parameter estimation problems.

In inter-class MLLR several neighboring classes are considered for each target class. In this procedure,
some neighboring classes may be closer to the target class than other neighboring classes. Therefore we
apply different weights to the neighboring classes to accommodate their different contributions to the tar-
get class. Considering the weighted least squares estimation, the weight for each neighboring class is
inversely proportional to the variance of the error that is produced in estimating the target parameters.

Therefore a neighboring class with a smaller variance has a larger weight.

As more adaptation data become available, fewer neighboring classes can be used for a target class. For
a large amount of adaptation data, we may not use any neighboring class at all. In this case inter-class
adaptation becomes the same as conventional multi-class MLLR. To limit the number of neighboring
classes, the neighboring classes are sorted for each target class according to their variances of the errors.
Adaptation data from the closest neighboring class are used first, then from the next closest neighboring

class until sufficient data are used.

In our experiments PC-MLLR improves recognition accuracy over conventional MLLR, and WPC-
MLLR provided further improvement. Inter-class MLLR also provides improvements in recognition accu-
racy over conventional MLLR. Inter-class MLLR is better than WPC-MLLR in supervised adaptation. In
unsupervised adaptation, however, inter-class MLLR is worse with a very small amount of test data, and
becomes better with more test data. We believe WPC-MLLR is more effective in a highly unreliable case
like unsupervised adaptation with a very small amount of test data. Both methods do not provide improve-
ment over conventional MLLR on a complex task like the DARPA broadcast news task. These methods
seems to be more effective when there is a larger mismatch between training and test conditions in a small

task.

We also tried to combine WPC-MLLR and inter-class MLLR by first modifying the baseline mean vec-

tors using inter-class transformations, and then using WPC-MLLR. However, this combination did not
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provide further improvement in accuracy. We believe that the benefits of WPC-MLLR become smaller
after inter-class transformations such as the eigenvalues become more compact. The developed methods
are aimed for the case when only a small amount of adaptation data is available. For a larger amount of
adaptation data, we can combine the adapted means from these methods with the sample means to get fur-

ther improvement in recognition accuracy.
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Chapter 1
Introduction

Speech recognition systems have achieved increasingly good recognition accuracy in recent years. Never-
theless, the accuracy of speech recognition systems is still often severely degraded when there are mis-
matches between testing and training conditions, or the recognition model does not represent the test data
properly. Adaptation is a process that reduces the difference between training and testing conditions, usu-
ally by using a small amount of adaptation (or training) data. If we have a large amount of data from a test
condition, we can simply use a regular re-training technique. In practical applications, however, it is fre-
quently difficult to obtain a large amount of training data from a new test condition such as a different

speaker, microphone, telephone channel, or noisy environment. That is why we need adaptation.

The general goals of adaptation are as follows:

* Fast adaptation using small amount of adaptation data
» Good asymtotic propertye. more data, better accuracy
» Simple computation

» Good unsupervised adaptation

We seek to achieve both fast and asymptotic properties in adaptation algorithms. Fast adaptation means
that good recognition accuracy can be achieved with small amounts of adaptation data. It is “fast” in sense
that it does not have to wait long to get more adaptation data. In order to obtain fast adaptation, we usually
need to either reduce the number of the parameters to be estimated, or perform smoothing of the parame-
ters. If we assume that there is a function that transforms the baseline recognition models to the adapted
recognition models, we can estimate the parameters of this transformation function rather than the recogni-
tion models. In this case, the tranformation function usually has much fewer parameters than the recogni-
tion models. Therefore we can achieve reliable estimation of the transformaiton function with a small

amount of adaptation data. This method is caliaasformation-based adaptation
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This method causes some detailed information of the individual model parameters to be lost, which
generally impairs recognition accuracy. For example, when we adapt a speaker-independent (Sl) speech
recognition system for a new speaker, the speaker-adaptive (SA) system may not achieve the level of accu-
racy obtained with the speaker-dependent (SD) system. Therefore, as we have more adaptation data, we
would like to achieve better recognition accuracy asymtotic to a condition-specific sysgr8D sys-
tem). If adaptation requires too much computation, it may not be very useful. Therefore we would like to

develop a computationally simple algorithm.

Sometimes adaptation data with correct transcripts are available (supervised adaptation), sometimes not
(unsupervised adaptation). In the case of unsupervised adaptation we adapt the system without any labelled
adaptation data. Unsupervised adaptation algorithms typically adapt on the basis of the (errorful) decoding
of the incoming speech produced by the baseline recognition system instead of completely correct tran-
scripts. An obvious goal of unsupervised adaptation is to reduce the gap in recognition accuracy between

supervised and unsupervised adaptation to the extent possible.

Most current speech recognition systems use hidden Markov models (HMMs) to represent the statisti-
cal characteristic of speech. The most important parameters in HMM are output distributions, which are
usually represented by Gaussian mixture densities. In this thesis we focus on the adaptation of recognition
model parameters, especially Gaussian mean vectors which are essential in the Gaussian mixture densities.
We focus on speaker adaptation even though the developed techniques can be applied to adaptation for

other sources of mismatches.

Goal and outline

The goal of this thesis is to improve recognition accuracy by obtaining better estimation of the transforma-
tion function with the limited amount of adaptation data. We present two new adaptation algorithms to
improve maximum likelihood linear regression (MLLR) adaptation. One is callattipal component

MLLR (PC-MLLR which reduces the variance of the estimate of the MLLR matrix using principal compo-
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nent analysis. The other is call@tter-class MLLRwhich utilizes relationships among different transfor-

mation functions to achieve more reliable estimates of MLLR parameters across multiple classes.

The outline of the thesis is as follows. In Chapter 2 we present a brief review of automatic speech rec-
ognition and speaker adaptation algorithms. We especially describe two major adaptation approaches,
Bayesian adaptation and transformation-based adaptation. We also describe the extensions of those
approaches to overcome their disadvantages. We then describe the experimental system to be used for the
evaluation of the algorithms to be presented. In Chapter 3 we review classical linear regression and MLLR,
and describe that we can consider MLLR as weighted least square estimation. We present principal compo-
nent MLLR in Chapter 4, and inter-class MLLR in Chapter 5 along with their experimental results. Finally

we summarize our work and present ideas for future work in Chapter 6.
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Chapter 2
Background Information

2.1 Introduction

In this chapter we will present the background information to the thesis. We will first briefly explain auto-
matic speech recognition and hidden Markov models (HMM), then review speaker adaptation techniques.
The two most common approaches used to modify the parameters characterizing speech in recognition
system are Bayesian adaptation, which uses a maximyposteriori probability (MAP) criterion, and

transformation-based adaptation, which usually uses a maximume-likelihood (ML) criterion.

In Bayesian adaptation, the parameters to be estimated are assumed to be random variables. Each
parameter is adapted if there are adaptation data which are associated with that parameter. If only a small
amount of adaptation data is available, there will not be sufficient data available to meaningfully adapt
many of the parameters, which results in little change in recognition accuracy. In contrast, if there are
enough adaptation data to provide information about all of the parameters to be adapted, the adapted mod-

els will converge to speaker dependent (SD) models.

Transformation-based adaptation procedures usually use a simple linear transformation of the recogni-
tion model parameters to reduce the number of the parameters to be estimated. They can improve in recog-
nition accuracy when only a small amount of adaptation data is present. Nevertheless, a simple
transformation cannot capture all the details about the information contained in the adaptation data, which

has an adverse impact on its asymptotic properties.

We will also review the some of the techniques developed to overcome the disadvantages of Bayesian
and transformation-based approaches. Finally we will describe the SPHINX-3 system and the test corpora

used for experiments to evaluate the algorithms to be developed in this thesis.
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2.2 Automatic Speech Recognition

We consider automatic speech recognition as a pattern matching problem [47]. As shown in Fig. 2.1, a
speech recognition system receives an input speech waveform and converts it to a set of feature vectors so
that it can better represent speech characteristics, then compares it with reference patterns to find the clos-
est pattern. If the input speech in generated by a different speaker or under different environmental condi-

tion from the reference patterns, the system may not find the correct pattern.

Input Feature Pattern Decision » Output
Speech Extraction Comparison Rule Text
Reference
Patterns

Figure 2.1A block diagram of speech recognition system viewing as a pattern matching problem

2.2.1 Acoustic Modeling

In automatic speech recognition we try to find a best matching reference pattern for the input speech (or

test pattern). We can think of speech as a sequence of phonemes (or sub-phonemes) which have their own
distinctive patterns (inter-phoneme differences). However the exact shape of speech signal changes even
for a same speaker repeating a same word (intra-phoneme variations). The duration of each phoneme also

changes every time it is spoken (temporal variation).

Dynamic Time WarpingDTW) has been developed to overcome the temporal variation [50]. It stores a
set of reference patterns, and aligns test and reference patterns so that they their smallest “distance”
between them according to a predetermined metric. After comparing the test word with all the reference

patterns, the reference pattern with the minimum distance is identified as the recognized output. Because
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DTW compares a test pattern with one reference pattern at a time, it is difficult to incorporate with many
reference patterns which may (for example) represent the acoustic variations of a same phoneme (or word)

over different reference speakers or environmental conditions.

Hidden Markov Model$HMMs) can deal with this problem. The HMM uses a stochastic model instead
of a set of reference patterns. A HMM consists of a number of states which have their own transition and
output probabilities as illustrated in Fig. 2.2. We collect a lot of reference patterns for each phoneme (or
recognition unit), and build the probabilistic distributions from them. Because each phoneme is character-

ized by probabilistic distributions, it can cover the intra-phoneme variations.

An input feature vectoo, at time framet is associated with statevith a probability which can be cal-
culated from the transition and the output probabilities. The next input feature vector at timetframe
may be associated with the same staigain (with self-transition probability;;) or statg (with transition
probabilitypy, i # j ). In this way a sequence of input feature vectors is associated with the states. Several
different sequences of states can correspond to a particular input sequence as shown in Fig; &3. If

large, the next state will more likely be the same state state will be associated with more input feature

vectors representing a phonetic segment that is longer in tinpg.i$f small, the input feature vectors for

that segment tend to be shorter in time. Because a transition is given by a probability, a HMM can represent

input feature vectors with different lengths.

A different HMM with different transitions and output probabilities can represent a different phoneme.

For a given test pattern (or a sequence of input feature vec@rs)[0; 0, ... 07] , the likelihood
P(O|A,,) of the patternO being generated from a molg| representingffhphoneme is calculated.

If a particular model ,, has larger likelihood than all other models, the test pattern is determined to be the
m phoneme.

P(O[A,,) > P(O|A,) foralln#z m

Most state-of-the-art HMM systems use Gaussian mixtures to represent the output probabilities.
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by(0) b,(0) bs(0)
P11 P22 P33
P11 P23 P31
P13

Figure 2.2 An example of hidden Markov models (HMM). A 3-state model is depicted, which represents a
phoneme. Models are concatenated to represent a word or sentence.

S; = Statei
p;j = Transition probability from staieto statg

b, = Output probability for state

01 02 O3 04 O5 Og O7 Og Og O - ,
| | | | | | | | | | | » Tlme
I I I I I I I I I I I Ll frame

Possible sequences of corresponding stat€s: S; S, S, S, S35 S5 S5 S S -

A sequence of input feature vectors:

¢ &

Figure 2.3Sequences of input feature vectors and corresponding states

bs(o) = ZWSKN(O; Msike Csk)

wherebg(0) is an output probability for stagew,, is a mixing weight,ug, is a mean vector, aq@d,  is

a covariance matrix fdd" Gaussian in sta More details about HMMs can be found in [24, 30, 47].
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2.2.2 Language Modeling

In many applications, a speech recognition system is intended to recognize a sentence or a sequence of

words. In this case, the recognized senteiiée  will be the sequence of Worddw; W, ... w,]

which obtain the highest likelihood given the observafion i.e.,

W = argmax P(W|O)
W

From Bayes'’ rule, this can be written as

W = argmax PLOLW)P(W)
W P(O)

Because?(O) does not depend\dh

~

w

argmax P(O|W)P(W)
w

P(O|W) represents the acoustic likelihood which can be obtained using HMMs as explained in the

previous subsectiorR(W) represents the likelihood of the sequence of words which can be obtained from
language modelin@0]. A popular language modeling method is to estimate the probability of a word con-

sidering its history.

P(W) = P(Wl,W21 ---aWn) = |_| P(Wi|Wi—1’Wi—2’ ""Wl)
i=1

In practice, we usually consider only a limited history for language modeling. For example, the popular

bigram and trigram models consider only one previous word and two previous words, respectively.

We applylanguage model weight® the probability from the language model to control the relative
contributions of the acoustic and language models. For a higher language model weight, a recognition sys-

tem relies more on the language model.
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2.3 Review of Speaker Adaptation

For adaptation we can either modify the input feature vectors or the recognition model parameters as
shown in Fig. 2.4 [36]. Cepstral mean normalization (CMN) (or cepstral mean subtraction [48]), code-
dependent cepstral normalization (CDCN) [1], and vocal tract length normalization [20] are some of the
examples of the method which modifies input feature vectors. Sankar and Lee [51] proposed a maximum-
likelihood stochastic matching approach to estimate an inverse distortion function. These methods modify
all input feature vectors, which may require too much computation. On the contrary when we modify rec-
ognition model parameters, we can modify the model parameters once, and use them for all input feature
vectors. A different phoneme may have a different mismatch. In this case, modifying all the input feature
vectors in the same way will not be appropriate. The adaptation of recognition model parameters is useful

because we can easily modify different phonemes in different ways.

In this thesis, we focus on modifying the model parameters and specifically Gaussian mean vectors so
that they can represent a new condition (speaker or environment) better. In this section we will explain

speaker adaptation techniques, focussing on the two most common approaches and their extensions.

Feature Model
Space Space
Training
data @ >@
I
| I T
| T1 ?

I
I
Testing
data @

Figure 2.4 Adaptation in feature space (test data or input feature vectors), or in model space (recognition
model parameters)
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2.3.1 Bayesian Adaptation

In Bayesian or maximura posterioriprobability (MAP) adaptation, we assume that the target parameter

that we try to estimate is a random variable, and that some prior knowledge about the target parameter is
available. For a data vect¥r the MAP estimate of a paramefer is given by

Amap = argmax (P(A|X)) = argmax (P(X|A)P(A))

whereP(A) represents the prior distribution of the model param¥eter , and can be obtained from a large

collection of training data.
Suppose we havll samplesxy, ..., Xy Which are independently drawn from a Gaussian distribution

with meany and variance® ,
2
P(X|u) ON(u, 6°)

and we try to estimate the mean value (the target parameter) whose prior distribution is known to have a

Gaussian distribution
2
P(k) ON(py, 0,°)
The MAP estimate of a mean is obtained &g .[15])

5 Noy’ o
Hmap = X+ Ho
Noo2 +0° cho2 +0°

Bx+(1-B)H, (2.1)

2

No,

5 is a weighting factor.

N
wherex = % Z X, is the sample mean, gpid= ————
n=1 NGO +0

In the above equation, the MAP estimate can be interpreted as a weighted average (or an interpolation)

of the sample mear and the priormgan . When there are no samples of data avdi#af)ef = 0
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and the MAP estimate is simply the prior mear{ap = H, ). In other words, there is no adaptation. As

we obtain more sampledN(—» « [}, becomes one and the MAP estimate converges to the sample mean

(Apap — X). Fig. 2.5 illustrates the MAP estimates for different amount of samples for three Gaussian
mean values. Note that the estimate \;ap is close to its prior mean yglye because it is obtained

using a small number of samples, ajigl \;op IS Close to its sample meanxglue  because it is obtained

using a large number of samples.

(Ng <Ny <Nj)

M2 maP

H1, maP
H20

M3 maP
XSD\
“30

Figure 2.5 An example of MAP estimates of Gaussian mean vectors with different amount of adaptation
data

H1o

A
\j

\J

If we apply this formulation to speaker adaptation, we can consider the prior mean as a S| model (or
baseline model) parameter, and the samples as adaptation data. When a large amount of adaptation data is
available N - « ), adapted model parameters converge to the corresponding SD model parameters, the
ML estimates. Hence, MAP estimation has good asymptotic properties. When only a small amount of
adaptation data is provided, the number of sampldésr the some of the model parameters will be zero,

and the parameters are consequently not adapted. This is one of the major disadvantages of Bayesian adap-
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tation. A large amount of adaptation data is needed to provide a significant change in the model parameters

and recognition accuracy. It is also noted that if the prior variam&ze is large (an “uninformative prior”)

then the MAP estimate is approximately equal to the ML estimate because we don't have useful prior

information.

An early seminal study on MAP adaptation for speech recognition byetak [37] described how to
reestimate the mean and covariance parameters of continuous density HMMs. Gauvain and Lee [18] fur-
ther extended this work to estimate other HMM parameters. The Bayesian approach has been applied to

semi-continuous HMMs and discrete density HMMs by ldual.[26], among many others.

2.3.2 Transformation-Based Adaptation

In transformation-based adaptation, we assume that a set of the target parameters is updated by the same
transformation. When we try to adapt recognition model parameters (especially Gaussian mean vectors in
continuous HMMs), we estimate the transformation function using a small amount of adaptation data
instead of estimating the individual recognition model parameters. Then we update the recognition model
parameters using the estimated transformation. We can think of the transformation as an intermediate
parameter as shown in Fig. 2.6. Because the number of transformation parameters is usually much smaller
than the number of the target parameters, the estimation of the transformation parameters can be more reli-
able when only a small amount of adaptation data is available. So transformation-based adaptation is very
useful in that case. However, because it can't capture the details of the individual target parameters, it is

less useful when a larger amount of adaptation data is available.

Transformation-based adaptation most frequently uses an ML criterion to estimate the transformation
parameters. The ML estimate of a model parameter is given by

Ape = argmax (P(X|A)) (2.2)
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- Determine Estimate Update ;
Adgg{[gthﬂ_» transformatior » transformatio » recognition > Rtgg?ggge
classes function models

Figure 2.6 A block diagram of transformation-based adaptation

whereX refers to the adaptation data aR@X|A) refers to the likelihood function. In ML estimation, the

parameter of interest is assumed to be a deterministic but unknown constant. It does not take advantage of

the prior knowledge that we may have about the parameters.

Fig. 2.7 depicts an example of transformation-based adaptation. Let's assume we have the same base-

line means and samples as we had in the example in the previous section. Now we assume these means are

updated by a same function, for example, a same shift vedice. {1, = p, + b wherefl, is the adapted
mean andy, is the baseline mean). First, we estimate the shift viector (shown as dotted lines) by using

adaptation data. Then we adapt the means using the shift viector . Notice that even fihgugh has a

small number of samples, it has the same shift as other means, and the resulting means (shown as triangles)

are different from those in the example in the previous section.

In transformation-based adaptation, we can classify target parameters (usually Gaussian mean vectors)
in different ways. We may classify them as a single transformation class, or multiple transformation
classes. Once we determine the transformation classes, we consider each class independently. We estimate
transformation function parameters for a class using only the samples which correspond to that class. If we
have more transformation classes then we will have fewer samples for each class. Fig. 2.8 shows examples
of different classifications. Each dot represents a Gaussian mean vector which is associated with a different

phoneme or sub-phoneme. If we assume a shift vetitofor each transformation class.g

b = W+ b, k Oa transformation clasgs we may update the mean vectors as shown in Fig. 2.8 (a) or as

in Fig. 2.8 (b). For the single-class case (a), we use all the samples to edtimate , sowe may get a reliable
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Figure 2.7 An example of transformation-based adaptation of Gaussian mean vectors assuming
H = Mot b

estimation (or small estimation error) bf even with a small number of samples. Howevey, this may not

describe the movement of the individual Gaussian mean vector well. For the multiple-class case (b), the

shift vectorb, for a transformation classwill describe the movement of the individual Gaussian mean
vector better than the single-class case (a). However, because each shiftbector is estimated using

smaller number of samples which correspond to the cda§§ may not be estimated as reliably. We usu-

ally choose a small number of transformation classes (or a single class) for a small number of adaptation
samples. As we have more adaptation samples we choose larger number of transformation classes. The

optimal number of transformation classes will depend on the number of adaptation samples available.

The performance of transformation-based adaptation depends on the quality of the transformation

model. Consider the example in Fig. 2.9. There are two baseline mean vecigre4, )- The true values

of the adapted mean vectors,( fi, ) are shown as empty circles. We actually don't know the true values



Chapter 2. Background Information 15

(a) Single class (b) multiple classes

Figure 2.8 An example of transformation-based adaptation with different number of transformation classes
(a) single class, (b) multiple class

and try to estimated the adapted mean vectors using adaptation samples (or sample mear,yegtors ).

Let’s assume that the baseline mean vectors are updated by the same shith eetgr, = p,+b, k=

1,2). Then the estimation of the shift vectowill be given asb , and the adapted mean vectorf a§l,

In this example, even though the sample mean vectors are located close to their true mean vectors, the esti-
mations of the adapted mean vectors are far from the true vectors. It is because the assumption of transfor-
mation function, a same shift vector in this example, is not good for the given mean vectors. So a good
model for the transformation function is important. A good model can describe the movement of the target

parameters well with a small number of transformation parameters.

One of the most successful implementations of transformation-based adaptation is the Maximum Like-
lihood Linear Regression (MLLR) method developed by Leggetter and Woodland [40]. MLLR applies a

linear transformation on recognition model parameters (which are usually Gaussian mean vectors) to

obtain an adapted model. Iif,  is the mean vector of a Gaussian mixture component in an SI model, the
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Figure 2.9An example of transformation-based adaptation with an improper transformation model

corresponding mean of the adapted mean vector is given by the following transformation.

b = Ay +b (2.3)

whereA is a multiplication matrix and is a shift vector. These transformation parameters are estimated

by ML procedures. We will discuss MLLR further in Chapter 3.

2.3.3 Comparison of Bayesian and Transformation-Based Adaptation

In the previous sections we showed two major approaches for speaker adaptation, Bayesian adaptation and
transformation-based adaptation. In typical cases, transformation-based adaptation is better for a small
amount of adaptation data, and Bayesian adaptation is better for a larger amount of adaptation data. Baye-
sian adaptation tends to have better asymtotic properties than transformation-based adaptation. Fig. 2.10
shows an example of the recognition results using both methods. The experiements were performed using
the non-native speakers from 1994 DARPA Wall Street Journal task. In Fig. 2.10, the zero adaptation sen-
tence indicates the case of the baseline system (no adaptation). It is noted that transformation-based adap-
tation uses a single class for all cases, and may improve the recognition accuracy if more transformation

classes are used.

It should be noted that the names for these adaptations may be misleading. In Bayesian adaptation, we

usually make use of the prior distributions of the target parameters and apply MAP criterion on them.
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Figure 2.10 A comparison of recognition error rates of Bayesian and transformation-based adaptation for
different amount of adaptation data

However, we can apply MAP criteria to a transformation function too. For example, the MAP criterion has
been applied to linear regression in the MAPLR method [7]. In transformation-based adaptation, we usu-
ally assume that the number of transformation parameters is much smaller than the target parameters.
However, we can increase the number of transformation functions. In an extreme case, we can apply trans-
formation function for each target parameter (even though it is not transformation-based adaptation in an
usual sense). This will give the same result as the sample meanighasasymptotic result. In Fig. 2.10
transformation-based adaptation produces a larger error rate than Bayesian adaptation for a large amount
of adaptation. However, in the case of a very large amount of available data, the transformation-based esti-
mate as well as the MAP estimate will become the ML estimate if a sufficient number of transformation

classes are used.

There are three important sources of information that can be used for adaptation.

(1) Adaptation data

(2) Individual prior distributions of either target parameters or transformation function parameters
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(3) Relationships among different parameters

Bayesian adaptation uses the information sets (1) and (2), and attempts to estimate the means by combin-
ing a priori information and the adaptation data. Transformation-based adaptation uses information sets
(1) and (3). It assumes a common transformation function and uses adaptation data to estimate the parame-

ters of that function.

2.3.4 Extensions to Bayesian and Transformation-Based Adaptation

In conventional MAP adaptation parameters are estimated independently, so a parameter is not adapted if
there are no adaptation data associated with it. Several methods have been proposed to overcome this dis-

advantage, which mostly utilize the relationships among different parameters.

Lasry and Stern [35] introduced the extended MAP (EMAP) adaptation which makes use of informa-
tion about correlations among parameters. A parameter can be adapted even though there is no adaptation
data directly associated with it. Zavaliagkos [56] was the first to apply EMAP adaptation to large scale
HMM speech recognizers. While the EMAP approach produces an elegant analytical adaptation equation
that makes appropriate use of correlations among adaptation parameters, solution of the equation depends
on the inversion of a large matrix. Rozzi and Stern [49] developed a least mean square (LMS) algorithm for

an efficient computation of the EMAP algorithm at the expense of a finite misadjustment.

Huo and Lee [27] proposed an algorithm based on pairwise correlation of parameter pairs to reduce
computational complexity. Afifyet al[3] also used pairwise correlation of parameters. For a target param-
eter, they got several estimates using correlations with different parameters, and combine them to get the

final estimate for the target parameter.

Chen and DeSouza [6] also used the correlation between speech units for a similar speaker adaptation
algorithm which they refer to a&daptation By CorrelatiofABC). The estimates are derived using least

squares theory, and it is very similar to EMAP estimation. They reported that ABC is more stable than
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MLLR when the amount of adaptation data is very small on the Wall Street Journal task, and that ABC
enhances MLLR when they applied ABC with MLLR on the FO condition of the ARPA HUB 4-96 evalua-

tion data (which deals with the recognition of clean prepared speech from broadcast news shows).

Sagayamat al[53, 54] suggested the Vector Field Smoothing (VFS) method to overcome insufficient
training data. An unobserved vector is estimated by interpolating the neighboring vectors, and trained vec-

tors are smoothed to reduce estimation errors.

Cox [10] predicted unheard sounds using correlation models. Ahadi and Woodland [2] proposed the
regression-based model prediction (RMP) technique. They applied linear regression to estimate parametric
relationships among the model parameters, and used it to update those parameters for which there was

insufficient adaptation data.

Zavaliagkos [56] suggested a method to tie adaptation across clusters of models. As is done in transfor-
mation-based adaptation, he applied a simple transformation on the parameters in a cluster. A shared mean
shift and a shared variance scaling are assumed, and estimated using the MAP framework. Other research
groups have proposed hybrid algorithms to combine the transformation-based and Bayesian adaptation

approaches [8, 11].

Shinoda and Lee [52] proposed a structured MAP (SMAP) adaptation, in which the transformation
parameters are estimated in a hierarchical structure. Despite its name, the SMAP algorithm does not make
use of prior information about speaker variability. The MAP approach was introduced to achieve a better
interpolation of the parameters at each level. Parameters at a given level of the hierarchical structure are
used as the priors for the next lower child level. The resulting transformation parameters are a combination
of the transformation parameters at all levels. The weights for the combinations are changed according to
the amount of adaptation data present. The main benefit of the SMAP adaptation is that automatic control

is obtained over the effective cluster size in a fashion that depends on the amount of adaptation data.

Many of these techniques can be thought of as an interpolation or smoothing of the MAP estimation

procedure using either parameter correlations (as in the EMAP, ABC algorithms), neighborhoods in vector
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space (as in the VFS algorithm), regression models (as in the RMP algorithm), or parameter tying (as in the
hybrid algorithm). In these ways they attempt to estimate unobserved parameters, and to get robust esti-
mates when very small amounts of adaptation data are available. However, interpolation and smoothing

can cause potentially useful detailed information to become lost.

Correlation and regression among Gaussian mean vectors have been used mostly in a Bayesian frame-
work. It describes shift but not rotation of mean vectors. Because there are thousands of Gaussians in
speech recognition systems, considering only a few neighboring Gaussians may not have much effect on
Bayesian estimates of mean vectors, and consideration of larger numbers of neighboring Gaussians may
require too much computation. It is also difficult to apply correlations among multi Gaussian mixtures
because there are no explicit correspondence among Gaussians. In this thesis, we will describe a new algo-
rithm in Chapter 5 which utilizes relationships among different transformation functions in transformation-

based adaptation.

2.4 Experimental Environment

2.4.1 The SPHINX-3 Speech Recognition System

The SPHINX-3 system is used as the baseline speech recognition system to evaluate the algorithms to
be developed in this thesis. Even though we report results only using SPHINX-3 in this thesis, the algo-
rithms can be applied to any continuous HMM-based speech recognition system. SPHINX-3 is a large-
vocabulary, speaker-independent, HMM-based continuous speech recognition system developed at Carn-
egie Mellon University. Even though SPHINX-3 can handle both continuous and semi-continuous models,
only the continuos models are used in this thesis. The output probabilities in the continuous model are rep-
resented by Gaussian mixtures. For adaptation, the mean vectors of the Gaussian mixtures are modified in

this thesis.

As shown in Fig. 2.1 the input speech is converted to feature vectors. In this thesis mel-frequency ceps-
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tral coefficients (MFCC) are used as static features for speech recognition [57]. First-order and second-
order time derivatives of the cepstral coefficients are then obtained, and power information is included as a
fourth feature. These features form a 39-dimensional vector (12+12+12+3) which is obtained every 10

msec. The input speech is digitized at sampling rate of 16 kHz.

Triphone models are used as the recognition units to consider the influence by the neighboring phone-
mens. Because the number of states of HMM for the triphone is too large, tied states, or senones are used
to reduce the number [29]. The output distribution of a state is represented by the Gaussian mixtures. 6000

senones and 16 Gaussians per senone are used for Wall Street Journal task in this thesis.

2.4.2 Test Corpora

 Wall Street Journal (s3-94, s0-94)

The main experimental task in this thesis is the Wall Street Journal task (WSJ) focussing especially on
the non-native English speakers from Spoke 3 in the 1994 DARPA evaluation (s3-94). Spoke 3 is
designed “to evaluate a rapid enrollment speaker adaptation algorithm on difficult speakers [45]." It
consists of 10 speakers reading 20 test sentences each. Each speaker reads news articles from the WSJ
corpus. The primary test in Spoke 3 uses 40 adaptation sentences for each speaker in supervised mode.
In this thesis, however, we are interested in much smaller amounts of adaptation data, and we use only

1 or 3 adaptation sentences for each speaker. The following is some of the examples of the test sen-

tences.

(1) NET INCOME FOR THE QUARTER EXCEEDED FOUR POINT FIVE MILLION DOLLARS OR ABOUT A
DOLLAR THIRTY FIVE A SHARE

(2) THE MAJOR FACTOR IN OCTOBER WAS A SMALLER RISE IN NEW LOANS FOR CAR PURCHASES
(3) HERE ARE SOME OF THEIR ANSWERS

(4) MR. EVANS SAID THE THRIFT WILL CONTINUE TO EXAMINE POSSIBLE ACQUISITIONS OF OTHER
THRIFTS OR THRIFT BRANCHES

(5) THE NEW AFFILIATE WILL INCLUDE FOUR PRODUCING DIVISIONS AND SIX EXPLORATION DIVI-
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SIONS THE COMPANY SAID

(6) THE NIKKEI INDEX ADDED TWO HUNDRED EIGHTY SEVEN POINT TWENTY ONE POINTS TO CLOSE
AT TWENTY SEVEN THOUSAND SEVEN HUNDRED AND THREE POINT NINETY ONE

(7) AS PREVIOUSLY REPORTED THE UTILITY HAS URGED REGULATORS TO APPROVE A FLAT TWENTY
SEVEN PERCENT RATE INCREASE

The baseline speech recognition system was trained using the standard speaker-independent training
corpus which contains clean speech data with 20K-word vocabulary from 321 native speakers, referred

to as SI-284 and SI-37. A 5000-word trigram language model was used in recognition test.

The Spoke 0 (s0-94) corpus is also used to evaluates the speaker adaptation algorithms for native
speakers. We use 20 speakers and 10 test sentences each. The Spoke 0 is similar to the Spoke 3 except

that they are from native speakers.

e The Telefdnica (TID) corpus

This corpus was recorded over the GSM cellular telephone network in Spain [25]. It is a small vocabu-
lary set (approximately 75 words in lexicon) which contain mainly numbers. It includes approximately
6000 training utterances and 3000 testing utterances (with approximately 14500 tokens in the test) set
spoken by approximately 1700 speakers. It was originally recorded at 8000 kHz. It has been manually
transcribed and annotated for acoustic environment, speaker’s dialect and other conditions. It contains

a broad sample of speaker and environmental conditions.

 Broadcast News from the 1998 DARPA Evaluation (Hub 4)

The Hub 4 corpus contains recorded speech from TV broadcast news [46]. It is a mixture of several
different conditions,e.g planned/spontaneous, clean/noisy, full/narrow bandwidth, and native/non-
native. It has a much larger vocabulary than the previous corpora. The baseline system is trained using

about 100 hours of speech, including all conditions together. About one hour of evaluation data in
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1998 are used for the test in this thesis. There are no separate adaptation data provided for this task.
Typically the speech data are first segmented automatically, and clustered into similar conditions. Then

adaptation is performed in unsupervised mode for each cluster.

2.5 Summary

In this chapter we have presented a brief review of automatic speech recognition, speaker adaptation, and
the experimental environment used in this thesis. Hidden Markov models (HMMSs) represent the character-
istic of speech in statistical way. The most important parameters in HMMs are their output distributions,
which are usually represented by Gaussian mixture densities. We can modify these parameters to adapt a
baseline model to a new test condition. We presented the basic characteristics of Bayesian and transforma-
tion-based adaptation, and their extensions to overcome their disadvantages. In this thesis we will focus on
transformation-based adaptation because it gives better recognition accuracy with limited amount of adap-
tation data. In the next chapter we will review maximum likelihood linear regression (MLLR) which is the

most widely used method these days.
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Chapter 3
Maximum Likelihood Linear Regression

Maximum Likelihood Linear Regression (MLLR) is currently one of the most popular speaker adaptation
techniques. It assumes that the baseline mean vectors are transformed to adapted mean vectors by linear
regression. In this chapter we will first review classical linear regression which relates a pair of samples.
We will explain that estimates using different criteria can generate the same result. We will then describe
MLLR and compare MLLR with classical linear regression. We will also describe some approaches to

implementation that reduce the computational cost of MLLR estimates.

3.1 Classical Linear Regression
Consider the linear regression between samylesdy; as shown in Fig. 3.1. (We use scalar values for
simplicity.) For each pair of sampl¢g;, y;) , we assume

yy =ax+b+eg, i=12..,N (3.1)

wheree, is an error term andll is the number of sample pairs. Once we estimaié), we can predicy;

givenx; according to the linear equation.

Y, = ax+b (3.2)

Linear regression parametegs b) can be estimated in different ways. In the following three subsec-

tions, we describe the similarity of different methods.

3.1.1 Least Squares Estimation

We estimatedg, be) to minimize the squared err@g. minimize

N N
Q= 3 =3 (a0 @9

i=1 i=1
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Figure 3.1Linear regression between samglandy;

3.1.2 Maximum Likelihood Estimation

We assume that the errgrhas Gaussian distribution, ey LIN (O, 05) . Then we estimag B, to max-

imize the probability of the error. Specifically we maximize

N N

f(e) = [ file) = kexp 2‘7‘12 S (%~ — b
i=1 e i=1

which is accomplished by minimizing

2
Qm = (yi —amX — bm)
1

”MZ

('Dql\)l =

(3.4)

(3.5)

We can see that Egs. (3.3) and (3.5) give the same resﬁlt if is constant. The solution is [5]
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N
Z =x)(y; -
a, = a, = — N (3.6)
2
Z (X —x)
i=1
be = bm = y—agx (37)
N
wherex = % Z X; is the sample meanxf , ane % Z Yi is the sample megn of
i=1 i=1
If & has a different variancegi for a different sample [9airy;) , then Eq. (3.5) becomes
" 2,2
e~ Z(yi _alexi _ble) /Gei (3.8)
i

which is different from Eqg. (3.3). However, there is another method that can be applied for this case, which

is called theweighted least squarefg.g.42, 43]. It minimizes the weighted sum of squared errors.

N
2
Zw e Zw (y; —a,X —by,) (3.9)
wherew; is a weight. We usually choose the inverse of the variahéegi) for the weight . Then it

becomes the same as Eq. (3.8). The solution is

N
z Wi (% =X ) (Y — V)
a, = =l (3.10)
2
Z Wi (X —X,)

i=1

by = Y —awRy (3.11)
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N N

Z WiX z WiYi
wherex,, y,, are the weighted sample meags= = mpe =1

Z Wi Wi

i=1 i=1

3.1.3 Estimation Using Correlation

It is interesting to note that linear regression is closely related to correlation. Consider two random vari-

ables (X,Y) which have a bivariate Gaussian distribution with mean vegtQr uY]T and covariance
2
matrix Cy = 5 | - We can get the expected valugypfiven sampleg using the conditional prob-
Oxy Oy

ability density functiorf(y|x) [e.g.33].

A Oxy
Yi = E(yi|Xi) = Hy + =5 (X —Hx) (3.12)
Ox

This can be written in the form

Yi = acx; +bg (3.13)

when

_ Oxy _ E{(X=py)(Y =puy)}
% 2

3 (3.14)
Ox E{(X=px)7}

be = Hy—agHy (3.15)

We can see thata;, b,) is very similar (@, b,) agd,, b,,) in Egs. (3.6) and (3.7), especially for a

largeN.



Chapter 3. Maximum Likelihood Linear Regression 28

3.1.4 Estimation ofx; usingy;
In this section, we have been considered the linear regressigoiok;, or the estimation of; using given
X;. For sample pairgx;, y;) , we can also think of linear regression in the reverseevélye estimation of
X; using givery;. Let

f(l = Cyi+d

using linear regression parametearsdj. It may look like

and is comparable to Eq. (3.2). However it should be notedibh%t b EH%

3.2 Maximum Likelihood Linear Regression (MLLR)

Maximum Likelihood Linear Regression (MLLR) [40] assumes that Gaussian mean vectors are updated by

linear transformation. Ifs, is a baseline mean vector apd s the corresponding adapted mean vector for

a new speaker or environmental condition, the relation between these two vectors is given by linear regres-

sion parametera andb,

i = Ap+ b, kO aregression class (3.16)
or

Elkl a1 agp - ayp||Hk1| |bg

Hka| = 821 @2 - 3p||Hk2| 4 | P2 (3.17)

Hip ap1 apy -+ app| |Mkp| |Pp

where ,ﬁk , and areD-dimensional vectordA is aD x D matrix, andD is the number of components

in the feature vector. We estimate the regression paramii@nglb from adaptation data so that the likeli-
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hood of the adaptation data is maximized (hence the term Maximum Likelihood Linear Regression). Then

we update the mean vectors within the regression class using Eqg. (3.16).

We normally obtain better speech recognition accuracy whisna full matrix (compared to when it is

a diagonal matrix) [39]. A full matrix means that each component of an adapted mean vector is a weighted

combination of the components of the baseline mean vector, or each compoignt of  depends on all the

components oft,

D
., = z (aiHg)+b, r=12..D
i=1
On the other hand, we typically assume that each component of a mean vector is independent in a speech
recognition system. We can explain this as follows. The baseline mean vectors move into a different loca-
tion for the adapted mean vectors as shown in Fig. 3.2. It also changes the overall shape of the Gaussian
mean vectors. We can characterize this movement by the combination of rotation, expansion/contraction,

and shift. The MLLR parameter#é\( b) can describe these movementgifs a full matrix, and MLLR is

not related to the independence of each component within a mean vector.

Adapted mean vectors

/F\ Baseline mean vectors

\/

Figure 3.2An example of the transformation of Gaussian mean vectors
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In applying MLLR to speech recognition using HMMs, we try to estimate the MLLR paramatans

b which maximize the likelihood of the adaptation data (or observation sequénee) o, 0, ..., O7)

from the Gaussian mixtures

N(f,, C) = N(Ap +b,C), 1<ks<K

and the HMM parameter sét . The indexepresents all the Gaussians which belong to the regression
class. Againo; ﬁk , and areD-dimensional vectordA is aD x D matrix. It has been shown that we

can estimaté andb by minimizing [40]

T K
Q= ZZyt(k)(ot—Auk—b)TCE1(ot—Auk—b) (3.18)
t k

wherey, (k) = vy,(s, K) is thea posterioriprobability of being in the HMM state at timet with the Kth

Gaussian, given the observation seque@@nd the recognition modal . If we compare this equation to

Eq. (3.8), we can see they are very similar wjith correspondingdado, corresponding tg, except
that Eq. (3.18) has the probability,(k)  and is written in matrix form. Therefore we can think of Eq.

(3.18) as a weighted least squares between a baseline meanpgctor ~ and obseyrvation  &suming

the variance of the error

o = Ay +b+eg, t=12.,Nand k=12 .,K (3.19)

with the probabilityy,(k) . We may interpret, (k) as a sample count, or we even think yt(k)C;1 as

a weight which correspondsvq  in Eq. (3.9).
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3.3 Implementation of MLLR

To solve Eg. (3.18), we determine the partial delivatives with respécanalb.

Q)

T K
_Q Z%yt(k)cgl(ot—Apk—b)p[ = 0 (3.20)

T K
= 3 S VG (0= Am—b) = 0 (3.21)
t ok

If the covariance matrixC,  is diagonal as is commonly the case for speech recognition systems using cep-

stral features or their equivalent, we can write the above equations as

) -
T K Ok1 02 0oy [ag @ - agp][Ma] [ba]dma|” o
zzyt(k) 0 05... 0 EotZ _ |81 3 - p||Hk2| _|b2 E“kZ - 1|0 (3.22)
0 C e : g .
t k 0 . e
0 0 EZD . OtD ap1 @p2 -+ app| |Mkp| |Pb|HHkp 0
G2 0 0 i
T K k1 , 01| |21 212 - aip||Mka| [P1|D [0
S S vk ° Oig -+ 0 | %2| _ |21 322 - azp||Ma| _|b2|H- |0 (3.23)
0 C : o |-
t k . . e
0o o0 .. 0—2 DOtD ap1 @p - app| [Hkp| |Pp/H L0

kD

Let's consider only amt component of the vectors amt? row of matrices in the above equations for

simplicity.
T K D Mk1 D M| T
zzwk)ckrmon [3r1 ap - ap]| Mk b, D“k2 =0 (3.24)
t k
D “kD DUkD
T K D Hia E
zzwk)okrmo” 1 8rz - arp]| 12 -b, 0= 0 (3.25)

Because only,, is dependent on the variabbee can rewrite Egs. (3.24) and (3.25) as
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K E k1 E Mia | T
-2
Zy(k)okr %Dkr_[arl &2 - arD] M2 _brg M2l =0 (3.26)
2 : :
O Hkp Hkko
K 0 Hia O
o0 Mo O
ZV(k)okr%bkr— [ar1 a2 - ap) _brgz 0 (3.27)
c :
O HD 0

T T T
0 0 g 0
wherey(k) = zyt(k) is the accumulation of the probability aog| = ElZyt(k)otrg/ayt(k)E is the
t t t

weighted sample mean value of tffecomponent of the Gaussian.

For the implementation of MLLR, it is better to use Egs. (3.26) and (3.27) than Egs. (3.24) and (3.25)

because they require much less computation. It is notecbthat is the same equation that we use for mean

re-estimation in training. So we can share a program for MLLR and mean re-estimation, which makes it

easy to implement.

Itis interesting that Egs. (3.26) and (3.27) are the same solutions for the weighted least squares between
a baseline mean vectp, ~ and sample megn with waight y(k)oﬁ . Considering all components
of o, r=1,2 ..,D, we can say

Ok = Alt+b+g, k=12 .,K (3.28)

whereo, is the sample mean vector agd  is an error vector of the Gaussian mixture density. Therefore

we can interpret MLLR as an relationship either betwggn  @nd  (Eq. (3.19)), or between o, and

(Eq. (3.28)).
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3.4 Summary

In this chapter, we have reviewed classical linear regression and MLLR. We explained that the least
squares estimation, the maximum likelihood estimation, and the estimation using correlation produce sim-
ilar results. We showed that MLLR can be interpreted as a weighted least squares either between the base-
line mean vectors and the input feature vectors, or between the baseline mean vectors and sample mean
vectors. We also showed that we can compute the MLLR estimate efficiently by using a sample mean value
for each Gaussian. In the following chapters, we will describe two new techniques to improve recognition

accuracy in the MLLR framework.
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Chapter 4
Principal Component MLLR

4.1 Introduction

In MLLR adaptation, we first estimate the mati’  and the vedior  from adaptation data, and then
update the mean vectors using Eq. (3.16). If the amount of adaptation data is small then the estifates of

andb may not be reliable (or have large variances). In this case, even though the estimates are obtained
from adaptation data, they may not accurately describe the statistics of the test data, resulting in low recog-
nition accuracy. Therefore we would like to obtain more reliable estimatés of band . We may achieve

this by reducing the number of parameters.

Galeset al. [17] constrained the transformation mat#x  to a block diagonal structure, with feature
components assumed to have correlation only within a block. This reduces the number of parameters to be
estimated. They used three blocks consisting of the static, delta, and delta-delta feature components. How-
ever, the block diagonal matrices did not provide better recognition accuracy than the full matrix in their
test. This is because they already had enough adaptation data to estimate the full matrix, or because three

blocks may not have been optimal.

Principal component analysi$®CA) [31] has been used to reduce the dimensionality of the data. The
original data which consisted of interrelated variables are transformed into a new set of uncorrelated vari-
ables by the eigenvectors of the covariance matrix of the original data set. Nouza [44] used PCA for feature
selection in a speech recognition system. Kehal [34] introduced €igenvoicesto represent the prior
knowledge of speaker variation. Hu [23] applied PCA to describe the correlation between phoneme classes
for speaker normalization. While the general motivation for these approaches was similar to the approach

described in this thesis, none of them are directly related to MLLR.

In this chapter, we will describprincipal component MLLRPC-MLLR which applies PCA to the

MLLR framework to reduce the variance of the estimate of matrix . The main idea is that if we estimate
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the matrixA in the eigendomain, the variances of the components of the estimates are inverse proportional
to their eigenvalues. Therefore we can select more reliable components to reduce the overall variances. In
this chapter we first review classical principal component regression and its application to MLLR. We then
describe a refinement to the method which we refer taaghted principal component MLLEVPC-

MLLR). Finally we will compare speaker adaptation performance obtained using the methods described.

4.2 Principal Component Regression

Principal component regression was developed in classical linear regression thegof$2, 43]). For

example, consideN pairs of samplesx, y;), wherex; is aD-dimensional row vector, angl ande,; are

scalarse,; is assumed to have a Gaussian distribution with zero mean and vafance . We assume that

x; andy; are related by a linear regression veagr (the shift term is assumed to be zero for simplicity).

Y1 X11 X12 -+ X1p|| %2 X1
Y2 Xo1 X2 - Xopl||8xa| |2
= . .. R (4.1)
YN XN1 XN2 - XND||%p|  |®xN
or
y = X[, +e, (4.2)

Letting Vy be the orthonormal matrix.¢. VxVI( = 1) whose columns are the eigenvectors of the
correlation matrixX ' X ,and\y  be the diagonal matrix consisting of the corresponding eigem(;glues ,

T _
(X X)Vy = VyAy

Defining the new variableg = XV,  amd = V>T( a, ,fromEqg. (4.2), we obtain
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=7 [:ux+ eX
or
Y1 211 Z35 - Z1p| | Oxa| S
Yo Zy1 Zyp - Zpp||Oxp| | &2
= +
YN “N1 N2 -+ ZND| |Oxp| | ®n]

The estimate foo, is then

-1
G, =(2'2) 2"y

ALz

because

Z 7

(VX (XVy)

T T
Vy X X)Vy

V;r( D‘/X/\X

Nx

It is interesting to note that the variance of the individual components of the estiate

proportional to the corresponding eigenvalueé(&x [42].
G, = ARZ'y

ALZT(Z o, +e)

-1 T -1.T
NCZ ZM +AZ e,

-1 1T
A} TNy T, + AL Z e,

36

(4.3)

(4.4)

(4.5)

is inversely
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a, +AZ'e, (4.6)

Therefore,

var(,) = E{ (8, —0,) (6, —0t,)")

T

U 1T AT
EE(AX Ze)NgZ e)

OOoo;

AZT (E{e, (e} (ZAY

If we assumeE{ e, EEI} = 0g Uy wherky XN identity matrix,
var(a,) = ogx D’\;<1 'z D/\;<1
= 0g DN} DAy DNy
= ogx D’\;(1
or, for individualdxj ,
var(dy;) = 02/Ay; 1<j<D (4.7)

For example, consider a case where a samjpkea 2-dimensional vectoX = 2) in Eq. (4.1). We can
estimate the linear regression paramefés, a,) in the original domair(gnday,) in the eigen-

domain. Ifx; is distributed as in Fig. 4.](3()(1 which is associated with a larger eigenvalue, has a smaller

variance thardi,, . Therefore, the estimaig is more reliable than the esiiggate

Because we know that some components of the estimates are more reliable than the others, we can

obtain more reliable estimates overall by ignoring less reliable components and selecting onlygke top

D principal components. ¥y and,  are sorted in descending order of the eigenvalues, we can pick the

firstp components oZ and, . Eq. (4.4) then becomes
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Y1 21 - Zyp oy €1
Y2 231 - Zpp €2
=1 . .. A (4.8)
. ey ,
X

Now we have onlyp parameters to estimate rather th&@nh parameters. After we estimate

~ T

Gyl from Eq. (4.8), we can transforr@x(p) to obtady = [, &, .- éXD]T

By = [y oo

for the original linear regression. If we consider all the componentsapf a, = V &, from

a, = V>T( a,. a, obtained this way is same with,  obtained directly from Eq. (4.2) in the original

domain. If we consider only components, we can let

8y = V(p) Bix(p)
or
AX]_ Vll le Xm
X2 Vo1 .- V2p
: a
A X
_aXD_ Vp1 -+ Vpp P
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The subscriptff) denotes that only the principal components corresponding tp ldrgest eigenvalues are

used, soV(p) consists @f eigenvectors in its column. The resultitag will have smaller variance than

the estimate from conventional linear regression [42].

Even though choosing < D components reduces the variance, it makgs biasegh Pescomes

smaller, the bias becomes larger. The best value foill depend on the eigenvalues. If the several largest
eigenvalues are much larger than the others, thean be small. If the smaller eigenvalues have relatively
large values thep must be larger. We determine the bpstlue in advance using development data which

are similar to the actual test data.

4.3 Principal Component MLLR

The formulation ofPrincipal Component MLLRPC-MLLR) [12] is very similar to that discussed in the

previous section, except that we also consideratmosteriori probability y,(k) as well as the baseline

varianceoi and the shift vectbr

Let's consider an arbitran;}h componenil,, of an adapted mean vegigr  and the corresponding row
vectorarT of the matribA . From Egs. (3.16) and (3.17),

Hi1
0. = a) - Hico
Pir = @ Wt by = [3rg 5 - 3p] + Dby (4.9)

HkD

From Eq. (3.18), if the covariance matgx  is diagonal u\}ﬂh:omponenbﬁr :

T K

-2 T 2
Q= z Z Vi(K)o, (0 —a, e —b,), 1<rs<D (4.10)
t=1k=1
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As we explained in Section 3.3, we solve Egs. (3.26) and (3.27) to esaFTndtet

T
-2 -2
Wy = Z Vi(K)o,r = Y(K)Oy, (4.11)
t=1

Rewriting Eqgs. (3.26) and (3.27), we obtain

K
T T
Z er{ Okr—ar uk—br}uk =0 (412)
k=1
< T
z W {0 —a H—b} =0 (4.13)
k=1
From Eq. (4.13),
K K
> Wiy > Wik
- k=1 T k=1
b = K=l — —a (=] (4.14)
Z Wrk Z Wrk
k=1 k=1
or,
-
br = Or,avg_ar “avg (4.15)
K K
> Wiy > Wik
whereo 5,4 = “= andu,,, = &2 are weighted averages.
Z Wrk z Wrk
k=1 k=1

Putting Eqg. (4.15) into Eq. (4.12), we obtain

K
T T
z W { (0, — O avg) —a (M- “avg)} M =0 (4.16)
k=1

or
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K
S .

> Wid O —ar iy by = 0

K=1

whereoy, = 0y, —0; 5yq (ascalaryy = H—Hy,g @ dimensional vector).

Rewriting Eqg. (4.13), we obtain

K

- T~
z Wi { Oy — 2 Ky} = 0
k=1

Becauseu,, is constant, this expression can be written

K
~ T~ T _
z er{ Okr — 8 p‘k} Havg = 0

k=1

Subtracting Eq. (4.18) from Eq. (4.17), we can get

K

~ T~ T
z er{ Okr — @ uk}(“k_“avg) =0
k=1

or

K
s T T

> Wid O —ar iy by = 0

K=1

Eqg. (4.19) can be written in matrix form instead of summation form:

41

(4.17)

(4.18)

(4.19)

o
w, 0 .. 0][H1 W, 0 .. 0|0
~T ~
o . 0 woy.. O iy o B 0 wo.. 0|0
[ e ™Y R il N - M [P TSR
0 0 ..wyll|T 0 0 ..wylld
_uK_

Let W, be aK dimensional diagonal matrix with elementg Oy

ments,, , andVl  be k& x D matrix with rowfi,, .

bK @imensional vector with ele-
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MTW M@, = M'W,0, (4.20)
or, the estimated,  is given by

) 1 .

a = (M'W,M) M'W,O, (4.21)

We can see this as the weighted least squares estimation for the linear regression [42]

Or = Ma, +e, (4.22)
wheree, is &K dimensional error vector.

Let's consider the eigenvectors and eigenvalues for the above case as we did in the previous section.

Defining V), andA,, as orthonormal and diagolak D matrices which contain the eigenvectors and
eigenvalues o(MTWrM) i,e.

T T
(MW, M)V, =V Ay andVyVy, = I

Using the new variable =MV, amng = VI,, a, ,we canwrite Eq. (4.22) as
O = Qa, +e
and write Eq. (4.21) as
Viyd = (Vi Ay Vi) (@vi) ' w, o,

This expression reduces to

G, = AyQ' OW, O, (4.23)

We can calculate the variance of the estiniggte  in the same fashion as we did in the previous section.

G, = AyQ' oW, O,

AYQ' DV, OQa, +¢,)
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_ —-1~T
=a, +AyQ W,e

and,

var(@,) = E{(G,—a,)(G,—-a,)"

}

T

O 1 7 AT
E%/\MQ W, e )(AyQ W,e)

oo™

-1~T T -1
AYQ W, [E{e, (& } OW, QA

If we ignore the effect of different probability(k) iW, , and assurBée, [erT} W, =k Oy

wherek is a constant arig is tiex K identity matrix, the variance becomes

var(d,) =k Ty (4.24)

Therefore the variance of th&® components of the estimafe  is approximately inversely proportional to

the corresponding eigenvalt)q\,lj (jf/ITWrM) . As before, we can choose the largebt principal

components to reduce the variances of the estimates.

Fig. 4.2 shows a comparison of the varianceipf ~ and the eigenvalues obtained from actual data. The

eigenvalues are obtained from the baseline recognition model for the Wall Street Journal (WSJ) task. The
inverses of the eigenvalues are shown in order of their magnitudes. The variances of the components of the
MLLR matrix are also obtained from the same task. We estimate single-class MLLR matrices in the eigen-

domain from several different speakers and adaptation data, and calculate the variances of the components
of the estimates. The variances of each component of the row v@ctor  of the MLLR matrix are averaged
over all the rows, and shown in the order of the corresponding eigenvalues. Both values are normalized so

that the largest values become one. This comparison confirms that the variances of the components the

MLLR matrix are indeed inversely proportional to their eigenvalues.
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Figure 4.2 Comparison of the variance of the components of MLLR matrix and the inverse of its eigenvalues.

It should be noted that the matri%,  includes the inverse variaxp?&e as well as the probglid)ity

in Eq. (4.11). The variances are different for each differghd:omponent, so in principle different eigen-

vectors should be used for the different row vectars  of matriBecause the probabilities will change

for different adaptation data, we should calculate new eigenvectors for each new speaker (or environment).

However, the eigenvectors and eigenvalues from a small amount of adaptation data may not represent the
statistics of the new speaker accurately. It also requires much computation because they need to be re-cal-
culated for new adaptation data. Therefore, in this thesis, we pre-calculate the eigenvectors and eigenval-

ues, and use them for all adaptation data. We also use the same eigenvectors for each different row of
matrix A for computational simplicity. We first calculate a global weighted covariance ndatrix
D

® = r;(MTWrM)
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using the Gaussian mixture weights in the baseline speech recognition system insyg¢ljl of . We then

generate a single set of eigenvalues and eigenvectorsifrom

4.4 Weighted Principal Component MLLR

Even though eliminating some of the less important components in PC-MLLR reduces the variance of the

estimation error, it maked,  biased, which tends to reduce recognition accuracy. In this section we intro-

duce a modification referred to 8¢eighted Principal Component MLL{R/PC-MLLR [12] in an attempt
to ameliorate this problem. WPC-MLLR applies weights to the MLLR estimates to reduce their mean

square error.

Weighting thejth component ofi, by, , we obtain

j
1T

w;a,; = oojarj +ooj/\MQ We, j=12.,D

al’j

Considering Eqg. (4.24), the mean square errafr‘@f is

~, ~, 2
MSE(G r]) = E(G r _al’j)

n

2.2 2 4-1
(0;=1)70y; + WjKAy;

and, the weightoj that minimizes the MSE can be obtained by solving

a N _~ 2 -1 —
Hence,(oj becomes
2
Ay O Mg
w; = MO = ML ., j=12.,D (4.26)
)‘Mjarj +K )‘Mj +K/0(rj

The weightwj approaches 1 for a large eigenva?lwﬁ and approaches 0 for a small eighmfalue
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This is intuitively appealing because we would want to apply larger weights to compone@on of with

smaller variance, and smaller weights to components with larger variance. In this method, instead of dis-

carding the less significant componentsﬁq[ , we use all components but with weighting. Unfortunately,

we don’t know the correct value of the parametief . We may use the estimateoﬁ\(plue , or the average
value ofd”- from prior experiments. In our experiment we ignore the differencoerjof , and calculate the
weight
Any:
W = —M_ (4.27)
J )‘Mj + K

We then normalize the weights so that the largest weighx is always one.

Wi = 0/ Wy, j=12.,D (4.28)

The valuex' is chosen as it produces the best recognition accuracy in the prior experiments.

The steps for the adaptation can be summarized as follows:

(1) Pre-calculate eigenvectors, eigenvalues, and weights from the baseline model

(2) Transform the baseline mean vectors by their eigenvectorsQsmgvV ,,

(3) Estimated, in the eigendomain

(4) Apply the weights tdi, i,e. d‘rj = o)'jd”- forr,j =1,2 ..,.D

(5) Re-calculate the shift terbp with @', using Eq. (4.15)

(6) Transforma’,  into the original domain to produce the multiplication matrisinga, = V',

(7) Adapt the baseline mean vectors by ugipg= Apy +b

4.5 Experiments

We evaluate the developed algorithms using several corpora from the DARPA 1994 Wall Street Journal,

the Telefénica, and the DARPA 1998 broadcast news tasks.
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4.5.1 Non-native Speakers from the Wall Street Journal Task

As described in Section 2.4, sentences from the DARPA 1994 Wall Street Journal are used for the eval-
uation. Table 4.1 summarizes the word error rates obtained for Spoke 3 non-native speakers (s3-94) using
each adaptation method. There are 10 speakers and about 20 test sentences each. For supervised adapta-
tion, 1 or 3 adaptation sentences are used for each speaker. The adaptation sentences are separate data from
the test data, and correctly transcribed by humans. The single-class full mainix shift vectob are esti-
mated in MLLR because we use a small amount of adaptation data. The recognition tests are performed 4
times for each speaker after adaptation with different adaptation sentences, and average word error rates
(WER) are shown in Table 4.1. In this experiment, PC-MLLR provides a relative improvement over con-
ventional MLLR of 4.5% with 1 adaptation sentence and 6.1% with 3 adaptation sentences. WPC-MLLR
provides greater improvement than PC-MLLR, resulting in relative improvements of 10.0% for both cases

over conventional MLLR.

Adaptation Method 1 Adaptation Sen-| 3 Adaptation
tence Sentences

Baseline (unadapted) 27.3% 27.3%

Conventional MLLR 24.1% 23.1%

PC-MLLR

23.0% (4.5%)

21.7% (6.1%)

WPC-MLLR

21.7 (10.0%)%

20.8% (10.0%)

Table 4.1 Word error rates for s3-94 data after supervised adaptation using different MLLR methods
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

Fig. 4.3 depicts the word error rates (WER) plotted as a function of the numbefr grincipal compo-
nents used in PC-MLLR. As expected, the WER for PC-MLLR decreases and then increases as the number

of componentgp increases. Ip is too small, the estimates become highly biased, producing high WER. As
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the number of components increases to 38 p — D), the WER obtained with PC-MLLR increases,

asymptoting to that obtained with conventional MLLR.

¢
40+ “ Baseline
- - Conventional MLLR (1 adapt. sent.)
Conventional MLLR (3 adapt. sent.)
PC-MLLR (1 adapt. sent.)
— PC-MLLR (3 adapt. sent.)
35¢
2
o
S
5301
2
o
=
25r
I *f**:(;:,bifff”’:f’jff’o”’e
20 L L L
0 10 20 30 40

Number of principal components used in PC-MLLR

Figure 4.3Word error rates as a function of the number of principal components used in PC-MLLR for s3-
94 in supervised adaptation

Fig. 4.4 plots the ratio of sum of thelargest eigenvalues to the sum of all 39 eigenvalues. The opti-
mum value ofp will depend on the eigenvalue spread. In this experiment, we get the best recognition accu-

racy for PC-MLLR whenp equals 15, with the ratio equal to 0.983. The ratio drops rapidly when

becomes smaller than 10, as does recognition accuracy.

Fig. 4.5 depicts word error rates (WER) plotted as a function of the average weight used in PC-MLLR.
The weights are controlled by changir§  in Eq. (4.27). Fig. 4.6 describes the relative weights of each

vector component for various valuesf . Larger weights are always applied to components correspond-

ing to larger eigenvalues (lower indices in Fig. 4.6). Fig. 4.5 shows a similar pattern to that of Fig. 4.3 for
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0.5f ,

0.4 ‘ ‘ ‘
0 10 20 30 40
Number of largest eigenvalues (p)

Figure 4.4Ratio of the sum of thp largest eigenvalues to the sum of all 39 eigenvalues.
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Figure 4.5Word error rates as a function of the average weight used in WPC-MLLR for s3-94 in supervised
adaptation
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PC-MLLR, i.e. the WER becomes high for a small weight, and converges to the WER of conventional

MLLR as the weight becomes one (equal weights).

1.5
o———o Avg weight=0.87
a~——4A  Avg weight=0.67
+——+  Avg weight=0.56
+——+  Avg weight=0.33
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=
2
)
=
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O | ‘ ¥ VAv.v-‘-v—v—'—‘:'
: n 20 30 40

Index for vector component

Figure 4.6 The shape of the weights used in WPC-MLLR

Table 4.2 summarizes the results for unsupervised adaptation with Spoke 3 data. In unsupervised adap-
tation, the test data are used for adaptation along with the recognized transcripts by the baseline system.
Different number of sentences are used for adaptation. “1 test sentence” in Table 4.2 means that the adap-
tation is performed using a 1 test sentence at a time, and recognized the sentence again using the adapted

model. In “3 test sentences”, 3 test sentences are used at a time.
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Adaptation Method 1 Test 3 Test 20 Test
Sentence Sentences Sentences
Baseline (unadapted) 27.3% 27.3% 27.3%
Conventional MLLR 26.7% 25.9% 23.9%
WPC-MLLR 21.4% (19.9%) | 20.5% (20.8%)  20.1% (15.9%)

Table 4.2 Word error rates for s3-94 data after unsupervised adaptation using WPC-MLLR
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

WPC-MLLR in this case provides more improvements than in the supervised adaptation in Table 4.1.
We think it is because conventional MLLR has larger variances of the estimates and provides higher error
rates in unsupervised adaptation than in supervised adaptation. WPC-MLLR provides a smaller improve-
ment in the “20 test sentence” case than in the “1 or 3 test sentence” cases as conventional MLLR provides

better accuracy in the “20 test sentence” case.

As noted in Section 4.3, we pre-calculated eigenvectors from the baseline recognition model and use
the same eigenvectors for different speakers in these experiments. In other experiments using different
eigenvectors considering tlzeposterioriprobability y(k) from the adaptation data, we observed similar
or a little worse recognition accuracy. This may be because the adaptation data are insufficient to estimate

proper eigenvectors.

4.5.2 Native Speakers from the Wall Street Journal Task

Table 4.3 shows word error rates for native speakers from Spoke 0 at the 1994 DARPA WSJ task (s0-94)
after supervised adaptation with 5 sentences. WPC-MLLR provides 6.0% of improvement in word error

rate compared to conventional MLLR, which is less improvement than was observed for non-native speak-
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ers. We think that this is because native speakers are much closer to the baseline model than non-native

speakers, so speaker adaptation has less effect.

Note that a small language model weight is used for the s0-94 data to emphasize the effect of adaptation
on the acoustic models. When a larger language model weight is used, the word error rate for the baseline
model becomes 5.9%, and conventional MLLR provides 5.7% of word error rate. Unfortunately WPC-
MLLR does not provide further improvement in our experiment. The language model may be too domi-

nant to get further improvement in this case.

Adaptation Method 5 Adaptation
Sentences
Baseline (unadapted) 21.9%
Conventional MLLR 18.3%
PC-MLLR 18.0% (1.6%)
WPC-MLLR 17.2% (6.0%)

Table 4.3 Word error rates for s0-94 data after supervised adaptation using different MLLRs
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

4.5.3 The Telefénica (TID) Corpus

The experimental results with the TID data are summarized in Table 4.4. We cluster test data for each
speaker. Each speaker has 5.55 utterances on average, and each utterance is about 2-4 seconds long. Adap-
tation is done in unsupervised mode. In this task, the statistical significance test using tools developed at
NIST [19] indicates that if two algorithms produce 0.2% absolute or larger difference in WER then they

are statistically different [25]. Even though the improvements after adaptation is small, WPC-MLLR pro-

vides a further improvement over conventional MLLR.
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Adaptation Method 5.55 Test
Utterances
Baseline (unadapted) 6.9%
Conventional MLLR 6.8%
WPC-MLLR 6.5% (4.4%)

Table 4.4 Word error rates for TID data after unsupervised adaptation using WPC-MLLR
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

4.5.4 The 1998 DARPA Broadcast News Task (Hub 4)

As described in Chapter 2, Hub 4 corpus is a mixture of several different conditions and does not have sep-
arate adaptation data. First the speech data are segmented automatically, and clustered into similar condi-
tions. The adaptation is then done in unsupervised mode for each cluster. Table 4.5 shows the experimental
results. Conventional MLLR provides only a 5.8% improvement over the baseline system, and WPC-
MLLR does not provide further improvement. This may be because of several factors. This corpus is much
more complex than the previous corpora, containing larger vocabulary, a mixture of different conditions,

and incorrect clustering. It seems that WPC-MLLR is less effective on a complex task like this.

Adaptation Method WER
Baseline (unadapted) 20.8%
Conventional MLLR 19.6%

WPC-MLLR 19.6%

Table 4.5 Word error rates for Hub 4 data after unsupervised adaptation using WPC-MLLR
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4.6 Summary

In this chapter, we applied principal component analysis to the MLLR framework for speaker adaptation
(PC-MLLR). By eliminating highly variable components and choosinggipeincipal components corre-
sponding to the largest eigenvalues we can reduce the variance of the estimates and improve speech recog-
nition accuracy. The best value fprdepends on the eigenvalues. Choosing fewer principal components
increases the bias of the estimates which can reduce recognition accuracy. To compensate for this problem,
we developed Weighted Principal Component MLLR (WPC-MLLR). We applied weights to the MLLR
estimates so that they minimize the mean square error. WPC-MLLR provided better WER than PC-MLLR.

However, it does not provide further improvement over conventional MLLR on Hub 4 corpus.
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Chapter 5
Inter-Class MLLR

5.1 Introduction

In this chapter we descriliater-class MLLRwhich utilizes relationships among different transformation
functions to achieve more reliable estimates of MLLR parameters across multiple classes with a small
amount of adaptation data. We introduce ititer-class transformatiowhich providesa priori knowledge

to relate transformation functions between the target and neighboring classes. The inter-class transforma-
tions modify the baseline mean vectors in the neighboring classes so that the adaptation of the neighboring
classes are formulated by the transformation function of the target class. Therefore several neighboring
classes as well as the target class can be considered to estimate the transformation function of the target
class. We apply this procedure to the MLLR framework and develop inter-class MLLR. This procedure

also can be extended to any form of transformation-based adaptation.

As we explained in Chapter 2, conventional transformation-based adaptation typically proceeds as fol-
lows. The target parameters (Gaussian mean vectors in this thesis) are classified into transformation
classes. The target parameters in a transformation class are assumed to be updated by a same transforma-
tion function. A form for the transformation function is pre-chosen (usually a simple linear function). The
parameters of the transformation function are then estimated for each class by using the adaptation data
associated with the class. Finally, the model parameters in each class are modified by applying the esti-
mated class-dependent transformation function to them. In this process, each class is considered indepen-

dently and does not affect each other.

As an example, suppose that the Gaussian means underlying a set of mixture densities are as shown by

the dots in Fig. 5.1. These means can be classified either as a single class (Method I) or as two classes (or

multiple classes) (Method Il). For Method | we assume that all the Gaussian riggns are transformed

to the adapted mearif,) by a single transformation funigfjon
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b = f(u), kOall Gaussians (5.1)

For Method Il we assume two functiof§l)) andf,([), one for each class:

b = f1(1), kOClass1 (5.2
b = fo(py), kOClass 2 (5.3)
Method | Method Il

f(-)

Figure 5.1 Classification of Gaussian mean vectors as either a single class (Method I) or as two classes
(Method I1)

If only a small amount of adaptation data is present, single-class adaptation (Method |) may be more
effective than multi-class adaptation (Method I1). With multi-class adaptation, we have a smaller amount

of data available per class, so we may not obtain reliable estimates of the furigtibasdf,(0. In single-

class adaptation, all data are used to estimate the funi¢fso that function can be estimated more reli-

ably. However multi-class adaptation may be more effective than single-class adaptation, if enough data
are available to estimate the transformation function reliably for each class because the parameters of each
class are modified in a fashion that is appropriate for the individual class. Therefore there is a trade-off
between reliability of estimation versus detail with which the transformation is performed. The optimum

number of classes will depend on the amount of available adaptation data.

Gales [16] used regression class trees to find the optimal number of regression classes in conventional
MLLR. He developed a binary regression class tree and dynamically selected the classes so that either each

class had sufficient data or the overall likelihood of the adaptation data was maximized. He also described
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a method in which MLLR was applied to the root nhode and the sub-nodes of the regression class tree itera-
tively. Chienet al.[9] described a hierarchical adaptation procedure that used a tree structure to control the

transformation sharing and to obtain reliable transformation parameters.

As we have noted above, new parameters are estimated independently for each class in conventional
multi-class regression. Nevertheless, under many circumstances, estimation accuracy (and hence recogni-
tion accuracy) can be improved if information is shared across parameter classes. Correlations among
model parameters (usually Gaussian mean vectors), for example, has been used by several research groups
to improve estimation of parameter values with sparse data. Most previous work using parameter correla-

tion has been done within a Bayesian framework as described in Section 2.6. Within the MLLR frame-
work, Bocchieriet al. [4] used correlation between the shift terme.(the b term in i, = Ay +b)to

refine further the transformation function. Correlation information was limited to the shift terms in their
work, and the relation between the multiplication teira.the A termin i, = Ay, + b ) was not consid-

ered even though the multiplication term is more important in MLLR.

In this thesis we utilize the inter-class relationships among transformation functions, not model param-
eters. In the following sections, we will explain about using inter-class transformati@nprasi knowl-
edge in transformation-based adaptation, then apply this idea on MLLR to obtain more reliable estimates

of MLLR parameters including the multiplication term as well as the shift term across multiple classes.

5.2 The Inter-class Transformation

In this section we introduce the inter-class transformation which relates transformation functions between
the target and neighboring classes. We explain the inter-class transformation using the example in the pre-
vious section. We also illustrate the usage of the inter-class transformation by a series of simulations with

artificial data.

Let us consider some of the issues involving inter-class relationships with transformation-based adapta-
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tion using “Method 11" in Fig. 5.1 as an example. Let'’s think of estimatfp@) for Class 1 the target

clasg. We assume there is a known relation between the two classes, which is given ibtethelass

transformation function gy, that we can rewrite the transformation of Class$tz(neighboring clagsn

Eq. (5.3) using the functidi() of Class 1 and a modified Gaussian mpéllr%) = 01o(Hy)

b = f,u*?),  kOClass 2 (5.4)

We can say that the two functiomg[) andf,([) are related by the inter-class transformatgmp(l) as
shown in Fig. 5.2. Since the transformation for Class 2 is now formulatefg(Blydata from Class 2 can
contribute to the estimation &f(0l Therefore we can estimatg) using all the data from Classes 1 and 2

with Egs. (5.2) and (5.4).

Baseline mean Adapted mearn,

\ 1A p? —— 1] /

Figure 5.2 A baseline mean vector is transformed to an adapted mean vectg({(hyor the combination
of g1 (0l andfy (0. We can say thdi([) andfy([) are related by inter-class transformatga(0L

This approach can also be applied to the estimation of the funi{igiof Class 2 (Now this ishe tar-
get clas$. In this case we use thater-class transformation functiom,g([)l which modifies the baseline

mean vectors in Class ihg neighboring clagsso that the adaptation for Class 1 can be formulated by

: 21
fo(0) i.e. for u(k )= 9o1(Hy)

by = fou?Y),  kOClass 1 (5.5)
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Now we can estimatig([) using all the data from Classes 1 and 2 with Egs. (5.3) and (5.5).

The functiond; (Y andf,(0] estimated by this method will be more reliable than those estimated by con-

ventional multi-class methods because more adaptation data are used. They also provide more effective
adaptation to each class than the class-independent furfiioised in Method | because while the adap-
tation is primarily based on observations within a given class, it benefits from relevant information from

other classes as well. This method can be extended to any form of transformation-based adaptation.

Before adaptation, multiple transformation classes are defined, and the inter-class transformation func-
tions are estimated using training data. In adaptation, the model parameters (Gaussian mean vectors in the
above example) in a target class are used as is, and the model parametersneigthteoringclasses are
modified by the inter-class transformation functions. The incoming adaptation data from all classes are
then combined to estimate the transformation functions for the target class. This process is repeated for all

other target classes.

In this process, the number of neighboring classes to be used depends on the amount of adaptation data.
The neighboring classes are ranked in order of thelmsenessto the target class. Adaptation data are
selected from classes of decreasing proximity to the target class until there are sufficient data to estimate
the target function. If only a very small amount of data is available, then all neighboring classes may be
used. As more data becomes available the number of neighboring classes used declines. In the limit no
neighboring classes are used, and inter-class adaptation asymptotes to conventional multi-class adaptation.
Choosing the identity function as the inter-class function is equivalent to conventional single-class adapta-

tion.

The use of the inter-class transformation is illustrated by a series of simulations with artificial data

shown in Fig. 5.3. There are two sets of sample paxgs, ¥;;) shown as and’ for Class 1, &y;, Y»;j) shown

as an ‘+’ for Class 2. Sample pairs in each class are related by linear regression as illustrated in Fig. 5.3 (a).

Yy = F1(Xq) = axq; + by, for Class 1

Yoi = fo(Xg) = asXy; + by, for Class 2
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({:1) | (b)

Yai = agxq; + by

(Class 1N

4
2,
Yo
_2—
_AF
5 5 0 5
X

Figure 5.3 Simulations of linear regression (a) Original Class 1 and Class 2, (b) Single class, (c) Inter-class
transformation for Class 1 (Class 2 samples are moved), (d) Inter-class transformation for Class 2 (Class 1
samples are moved)

We would like to estimate the regression functi¢{§ andf,([lusing the available samples. If all the sam-

ples from Class 1 and Class 2 are considered together as a single class, then a singlef{Qhetibbe

given as Fig. 5.3 (b). We can see that the estimates lof §re different from bothag, b;) and &, b).

vy = f(Xqg) = axy +by, for Class 1

f(Xo;) = axy; + by, for Class 2

Yoi

If inter-class relationships are considered, better estimates can be obtained. Let's assuméntieat the

class transformation functiornyg(J is known to be in the form of a linear regression.
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(12

X5i ) = 012(Xg)) = tyoXg; +dyy, for Class 2

(12)

Thenxy; in Class 2 is transformed to;;

as showniin Fig. 5.3 (c), and;(y can be estimated using all

the samples. We can see that the estimated regression line in Fig. 5.3 (c) is very close to the original regres-

sion line in Fig. 5.3 (a). The estimation B{0)) can be done in same way. Now is transformed t0((1?1)

by g,1(as shown *’ in Fig. 5.3 (d)

(21) _

X3P = Opq(Xqj) = togXq; +doy, for Class 1

The actual values used in this example are shown in Table 5.1.

Fig. 5.4 illustrates another advantage of the inter-class transformations, also using simulated data. We
assume that there are 5 classes and that each class has 5 Gaussians. We have adaptation samples from new
Gaussians whose mean values are related to the original mean values by linear regression (LR) with known
inter-class functions. New Gaussian mean values were estimated using linear regression for the conven-
tional single-class and multi-class adaptation procedures, as well as for inter-class adaptation. We calcu-
lated the mean square estimation error (MSE) as a function of the number of available samples. As can be
seen in Fig. 5.4, the inter-class LR always provides lower MSE than the other methods in this simulation.

We note that while single-class LR provides better MSE than multi-class LR when the number of samples

is small, multi-class LR surpasses it as the number of samples increases.

Variables Values Variables Values
ay 2 b, 1
a 0.5 b, 0
to 0.25 dq -0.5
toq 4 dog 4

Table 5.1 The actual values used in the simulation in Bi@
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0.2
o——-=o Multiple-class LR
&~—= Single-class LR
+~— Inter-class LR
+ 0.15r
o
w
L
S
= 0.1r
n
c
[15]
2
0.05r
0 1 1 1 1 1
0 5 10 15 20 25 30

Number of adaptation samples for each Gaussian

Figure 5.4 Mean-square errors from simulated estimates of Gaussian means using single-class, multi-class,
and inter-class LR.

5.3 Inter-Class MLLR

We apply the method described in the previous section to the MLLR framework, and develop a new adap-
tation procedure which is callédter-class MLLR13]. In inter-class MLLR the inter-class transformation
is given by another linear regression. The inter-class transformation pravigesri knowledge among

the regression classes, and helps to estimate the MLLR parameters.

Consider multi-class MLLR where we try to estimate the MLLR paraméfetshb,,,) for the regression
classm. In this section we first explain how to estim##g,, b, using the inter-class transformations. We

then explain how to estimate the inter-class transformations from training data. We also describe the exper-

imental results to evaluate inter-class MLLR.
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5.3.1 Estimation of the MLLR Parameters A, by,

In this subsection we explain how to estimate the MLLR parameters (the multiplication rgteRrd the
shift vectorb,,) for a regression class (the target claspassuming the inter-class transformations are

known.

Let’s first consider conventional multi-class MLLR. We estimate the MLLR param@grs,,,) using
the following equation with adaptation data from the chasmly.

b = A M+ by, kOClassm (5.6)

As shown in Section 3.2A(,, b, are estimated by maximizing the likelihood in Classor minimizing

Qc(m).

Qm = ;m Z Ve(K) (0 = A, — b T Ci (0 = A, — by (5.7)

wherey, (k) is thea posterioriprobability,o; is the input feature vector at timgadaptation data), ary

is the covariance matrix of Gaussian

Consider the neighboring classz m . In conventional MLLR, the MLLR clagas its own MLLR

parametersA,, b,) which are independent of the target class

b = A t+b,  kOClassn (5.8)

In inter-class MLLR, we assume that the inter-class transformation fungtigi is given by a second
linear regression withT(,,, dy), Which relates the neighboring classo the target class with the mod-

ified mean vectop{""

(mn)

U =T Mt A kO Classn (5.9)

Rewriting Eq. (5.8) Witm(kmn) and the MLLR parametefg (b, of the target class, we assume

ﬁk = Am(Tmn“k"' dmn) + bm
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(mn)

=AMk +b, k O Classn (5.10)

(A, by are the unknown parameters in Eq. (5.10). They can be estimated from the neighborimg class

mn)

using Q,(m) which is similar t@Q~(m) exce;pt‘(( and the class

T _
Qm = 5 Y Vi(K) (0 =A™ = b G (o= A ™ ~ by (5.11)
k O Crassn

Now, consideringQs(m) and,(m) (A, by) are estimated by maximizing the overall likelihood

from the target clags and neighboring classasor by minimizingQ,(m) .
T~-1
Q(m) = ; Z Vi(K) (0 = Ak —br) Gy (0p = Akt —bpy)
k O Classm

T _
+ Z v (0, - A ™ —b ) oA M™ —b ) (5.12)

n 0 Néfghbors k O ;wsn

or,

Q(m) = Qc(m+ % Qu(m) (5.13)

n O Neighbors

whereQ-(m) is the contribution of the target classand Q,(m) is the contribution of the neighboring

classn. This enables us to obtain more reliable estimatesgf by,) while preserving the characteristics of

the target class.

5.3.2 Estimation of the Inter-Class Transformation ParametersT(y,,, dmn)

In the previous subsection we assume that the inter-class transformation paraimgteds, ) are known.

(T Amp can be estimated from training data before adaptation. In this subsection we explain how to esti-

mate Ty Amp)-

Let (Am s by o be the speaker-dependent MLLR parameters fa@g be the adapted mean vector for
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the target classiand a training speaker

B s = Am ikt b g kOClassm (5.14)

We assume that there are several training speakers with sufficient data to obtain reliable estimgtgs of (
by o for each regression class and the training speakar The MLLR parametersA, 4 by, J are first

estimated from training data using conventional multi-class MLLR. The inter-class transformation param-

eters T dyp) are then estimated using{ 5 by 9.

Rewriting (5.10) for the training speakgmwe obtain

ﬁk, s = A Tkt A + bm, g k O Classn, s Training speakers (5.15)

where A\, g by, § are known parameters. Moving,f by, J to the left-hand side, and defining

~ -1 ,~
“(kfnsn) = Am, s(“k, s— bm, s) (5-16)
Eqg. (5.15) becomes
ﬂ(kr’nsn) = TrnHk * A k O Classn, s Training speakers (5.17)

If we let ﬁk’ s be the adapted mean vector for the training drta from speattesn ﬁ(kfnsn) will be

the adapted mean vector for the modified training cd:%lf'én) = Ar_n% {0—bp 9 . Eq. (5.17) can be consid-

(mn)

ered as conventional MLLR foo; ¢

with the MLLR parametefs,f, d,)- Therefore Ty ) €an be

estimated using conventional MLLR, or by minimiziQg(mn) with all training speakers’ data.

T _
QT(mn) - z Z Z yt,s(k)(og,nsm)_-rmnuk_dmn) Ckl(og,rgn)_-rmnuk_dmn) (5.18)
S kO CTassn

(T 9 are estimated for each the target clasand the neighboring class In this procedure, we
assume that the baseline variances are unchanged. Thgsel(,) providea priori knowledge between

the target clasm and the neighboring classindependent of speaker. Oncg{, dn) are estimated, they
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are used in Egs. (5.9) and (5.13) for adaptation to a new speaker.

(Tmn dmp) can also be estimated in different way. L&, s dy, 9 be the speaker-dependent inter-class
transformation parameters for a training speakéi,,, 3 dyp 9 are estimated in the same way as above,

except that the training data are used only from a single spesakeat from all training speakers. The

(Tmn,s dmn, 9 are then averaged over all speakers to get the gloRaldy,).

(T 9mp) = average (T ¢dmp 9 (5.19)
s All speakers

5.3.3 Experiments with Non-Native Speakers from the 1994 DARPA WSJ Task

We evaluated inter-class MLLR using the Spoke 3 data (s3-94) in the 1994 DARPA Wall Street Journal
(WSJ) evaluation as before. There are 10 non-native speakers with 20 test sentences each. The recognition
tests were performed four times with different adaptation data from each speaker. Table 5.2 shows the 13
phonetic-based regression classes used for inter-class MLLR, which are similar to those used by Leggetter
[39]. The recognition models for silence and noise are not considered for adaptation. The inter-class trans-
formation functions were trained using adaptation data from other 9 test speakers (s3_9) using Eq. (5.18).

Weighted principal component MLLR was used to obtain more reliable estimates of the speaker-dependent

regression parametery,, ¢ abgl ¢ in Eq. (5.15) befgg dapd are estimated.

Table 5.3 and Fig. 5.5 summarize the word error rates (WER) obtained using the three types of inter-
class MLLR along with conventional single-class MLLR in supervised adaptafigp. is assumed to be a
full matrix (which allows the parameters to be rotated, scaled, and shifted), diagonal matrix (which allows
them to be scaled and shifted only), or the identity matrix (which allows them to be shifted only). The shift
vectord,,,, is used in all three cases. However, the full marand shift vectob are used in all cases, for
both conventional and inter-class MLLR. All the neighboring classes are considered in estimating each tar-

get class in inter-class MLLR because only small amounts of adaptation data are used. Silence and noise

phones are not adapted in these experiments.
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Class Members
Very front vowels IH, IX, IY
Near front vowels AE, EH
Front dipthongs AY, EY
Back dipthongs AW, OW, OY
Near back vowels AA, AH, UH, ER, AXR
Very back vowels AO, AX, UW
Liquids L,R,W,Y
Nasals M, N, NG
Strong fricatives DH, JH, TS, V, Z, ZH
Weak fricatives CH, F,HH, S, SH, TH
Closures BD, DD, GD, KD, PD, TD
Unvoiced stops K,P, T
Voiced stops B, D, DX, G

Table 5.2 Phonetic-based regression classes used in inter-class MLLR
(from Leggetter [39] with minor modifications)

Inter-class MLLR with a full matrixT,, and shift vectod,,, reduces the WER by 15.4% with 1

adaptation sentence and 15.2% with 3 adaptation sentences over conventional MLLR, which is greater
than the reduction from other types of inter-class MLLR. These improvements are statistically significant
according to the matched pair sentence segment (word error) test from NIST [19]. The improvement in
WER from adaptation is less than that reported by other sites in the 1994 DARPA evaluation primarily

because much smaller amounts of adaptation data are used in this experiment.



Chapter 5. Inter-Class MLLR

) 1 Adaptation 3 Adaptation
Adaptation Method
Sentence Sentences
Baseline (unadapted) 27.3% 27.3%
Conventional MLLR (one class) 24.1% 23.1%

Inter-class MLLR (shift only)

25.1% (-4.1%)

21.8% (5.6%)

Inter-class MLLR (diag. + shift)

21.4% (11.2%)

20.4% (11.7%)

Inter-class MLLR (full + shift)

20.4% (15.4%)

19.6% (15.2%)

Table 5.3 Word error rates for non-native speakers (s3-94) after supervised adaptation using inter-class MLLR
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

35 ‘ ;
= --x 1 Adaptation Sentence
30l e——= 3 Adaptation Sentence| |
25+ \\\\\*’ﬂﬂ ,~>&\\ E
\ - =~ ~
—— e o
207 TT— — _
WER (%)
15¢ A
10t A
5, |
0 1 1 1 1 1
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Baseline Conventional Inter-class Inter-class Inter-class
(No adapt.) MLLR MLLR MLLR MLLR
(single class) (shift only) (diag.+ shift) (full + shift)

Figure 5.5 Word error rates for non-native speakers (s3-94) after supervised adaptation using inter-class
MLLR
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Table 5.4 shows word error rates for unsupervised adaptation. The transcripts of the test data as recog-
nized by the baseline system are used for adaptation. The number of the test sentences used in these exper-
iments are same as those used in the previous chapter. Again inter-class MLLR provides 10.1 to 19.3% of

relative improvement in word error rate over conventional MLLR.

Adaptation Method 1 Test 3 Test 20 Test
Sentence Sentences Sentences
Baseline (unadapted) 27.3% 27.3% 27.3%
Conventional MLLR (one class) 26.7% 25.9% 23.9%
Inter-class MLLR (full + shift) 24.0% (10.1%)| 20.9% (19.3% 20.1% (15.9%)

Table 5.4 Word error rates for non-native speakers (s3-94) after unsupervised adaptation using inter-class MLLR
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

As we described in Subsection (5.3.2) ., dyn Can also be estimated by averaging speaker-depen-
dent (T s dmn 9- Using inter-class MLLR with the speaker-averaged full mafijy, and the shift vector
dn results in a WER of 20.7% for 1 adaptation sentence and 19.9% for 3 adaptation sentences. This is a

little worse than the result in Table 5.3 which used inter-class transformation obtained from Eq. (5.18).

5.3.4 Experiments with Native Speakers from the 1994 DARPA WSJ Task

We also evaluated inter-class MLLR on the native speakers from the 1994 DARPA Wall Street Journal task
(S0-94) in the same fashion as we did in the previous chapter. The inter-class transformations are trained
using 25 native speakers from the standard WSJ training corpus (wsj-25). Inter-class MLLR with a full
matrix and shift vector provides 3.8% of improvement in word error rate as shown in Table 5.5, which is

similar to the result obtained with PC-MLLR.
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_ 5 Adaptation
Adaptation Method
Sentences
Baseline (unadapted) 21.9%
Conventional MLLR (one class) 18.3%
Inter-class MLLR (shift only) 17.7% (3.3%)
Inter-class MLLR (diag. + shift) 17.8% (2.7%)
Inter-class MLLR (full + shift) 17.6% (3.8%)

Table 5.5 Word error rates for non-native speakers (s0-94) after supervised adaptation using inter-class MLLR
(Relative percentage improvement over conventional MLLR is shown in parenthesis)

The improvement is much smaller than the case of non-native speakers, and different forms of inter-
class MLLR provide similar results. Note again that a small language model weight is used for the s0-94
data to emphasize the effect of adaptation on the acoustic models as in PC-MLLR. When a larger language
model weight is used, inter-class MLLR does not provide improvement over conventional MLLR as

before.

5.4 Enabling Unequal Contributions from Neighboring Classes

In this section we describe two methods to consider the different contributions from the neighboring
classes [14]. One is to apply weights to the neighboring classes. Another is to limit the number of the

neighboring classes to be used as more adaptation data are available.

5.4.1 Application of Weights on Neighboring Classes

Inter-class MLLR considers several neighboring classes while estimating the MLLR parameters of a target
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class. In this procedure, some neighboring classes mésidmer” to the target class than other neighbor-
ing classes. Therefore it may be helpful to apply different weights to the various neighboring classes to

accommaodate their different contributions to the target class.

We use estimation error as a measureaddseness” As we explained in Chapter 3, we can think of
MLLR as a weighted least squares estimation between a baseline mean gctor and the input feature
vector (or adaptation data), . Considering Eq. (3.08)= Ay, +b+g) , we can rewrite Eqg. (5.10) for
speakes as

(mn) (mn)

O s=Amndk tbnstets KkOClassn (5.20)

wheree(kmtn)S is the linear approximation error observed for Gaudsiiclassn and speakes using the

parametersA, ¢ by J- A large error means that neighboring class not helpful in estimating the target

class parametera\, ¢ by, J, or that neighboring classis not ‘close” to the target class.

In the training corpus, we know the corred, dp,) and @y, ¢ by § for each training speakey so

(m )S) is easily calculated for each tirhe

(mn) (mn)

€ s~ Ot s—Am#k —bms kOClassn (5.21)

The variance of the error is obtained using the Baum-Welch method as the Gaussian mixtures are rees-

timated in regular retraining [47]. For Gausskeand classes, n, the variance of the error is

3. 3 Yo o) CERU s M g TR T~ oo
S
k
Zzyt‘ s( )

Ce(mn) = (522)

wherey, ((k) is thea posterioriprobability of being in Gaussiakat timet, and H (mn) is the mean of the
) k, s

error for Gaussiak and classem andn, both for speakes. We assumé:e(mn) is diagonal. We also esti-
k
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mate the varianc(aCek) of the err@® o in the target class from

O s = Am, M+ bm, stT& t s k O Classm (5.23)

Recalling the weighted least squares estimation in Chapter 3, this variance can be used as a weight in
inter-class MLLR instead of the variance of the Gaussian mixture of the baseline model. With this assump-

tions Eq. (5.13) which estimate&,f, b,,) becomes as follows.
T A1
QW(m) g Z yt(k)(ot m k_bm) Cek (ot_Amle_bm)
assm

T 1
¥ th(k)(ot At _p ) C_mn (04~ A Agti™ _b ) (5.24)

n O Neighbors k O ;ssn

Since the inverse of the variance is used as the weight, a Gaussian with a large variance of the estimation
error will get a small weight. The variance can also be used to sort neighboring classes, in choosing the top

N neighboring classes as described in the previous section.

In our experiment, we do not have enough training data to accurately estimate the variance of the error,

so we estimate the average ratio of the baseline variance to the variance of the error fomclasdes

The ratiosw,,, for the target class andw,,,,, for the neighboring classbecome

avera Dck 15
ge BZ—D (5.25)
k O Classm Ebe i

=
I

0 2 0
average E,LE (5.26)
0

kOClassn [P (mn)

=
3
I

2

2
whereag ; O i

ancb;((mn) . are the diagonal element€pf Ce, ,@gqn) , respectively.
’ k

The weightsw,,, andv are combined as follows.

mn

Qw(m) = wpQ(m) + > WinnQu(m) (5.27)

n O Neighbors
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Table 5.6 and 5.7 show the word error rates after applying weights with Eq. (5.27) for supervised and
unsupervised adaptations. The supervised adaptation shows a small improvement (0.8 to 1.3% relative)
over inter-class MLLR without weights in Table 5.3. However the improvements are statistically insignifi-

cant because the amount of the test data was small.

) 1 Adaptation 3 Adaptation
Adaptation Method
Sentence Sentences
Conventional MLLR (one class) 24.1% 23.1%

Inter-class MLLR without weights
(full + shift)

20.4% (15.4%)

19.6% (15.2%)

Inter-class MLLR with weights

20.2% (16.2%)

19.3% (16.5%)

(full + shift)

Table 5.6 Word error rates for non-native speakers (s3-94) after supervised adaptation using inter-class MLLR
with weights (Relative percentage improvement over conventional MLLR is shown in parenthesis)

Adatation Method 1 Test 3 Test 20 Test
aptation ietho Sentence Sentences Sentences
Conventional MLLR (one class) 26.7% 25.9% 23.9%

Inter-class MLLR without weights

9 0
(full + shift) 24.0% (10.1%)

20.9% (19.3%)  20.1% (15.9%)

Inter-class MLLR with weights

0, 0
(full + shift) 24.3% (9.0%)

20.9% (19.3%))  19.9% (16.7%)

Table 5.7 Word error rates for non-native speakers (s3-94) after unsupervised adaptation using inter-class MLLR
with weights (Relative percentage improvement over conventional MLLR is shown in parenthesis)
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For the unsupervised case, even though the differences were minor, applying weights was not helpful
for 1 test sentence case, and was helpful for 20 test sentence case. We speculate that the limited benefit in
unsupervised adaptation is a consequence of transcription errors by the baseline system. In other words,
unsupervised adaptation needs more smoothing than supervised adaptation to average out the effect of
incorrect transcriptions. The application of weights, that are smaller weights for the neighboring classes
than for the target class, enables unsupervised adaptation to focus on the target class and results in less
smoothing. It also reduces the effective amount of input data (because the contributions of neighboring
classes are multiplied by their weights). This could be a problem especially when the amount of the data is

small. As we have more data, we can have enough smoothing to obtain benefits from the weights.

5.4.2 Limiting the Number of Neighboring Classes

As we mentioned in Section 5.2, the number of neighboring classes to be used depends on the amount of
adaptation data. As we have more adaptation data, we can use fewer neighboring classes for a target class.
For a large amount of adaptation data, we may not use any neighboring class, and inter-class adaptation

becomes the same as conventional multi-class adaptation.

The variance of the errdﬁe(mn) obtained from Eqg. (5.22) is used to measure the closeness of neighbor-
k

ing class to the target class. For each target class, neighboring classes are sorted according to their vari-

ance of the error. Adaptation data from the closest neighboring class are accumulated first in Eq. (5.27),

then from the next closest neighboring class until sufficient data are used. We can cwﬁ#gr in EqQ.

(5.27) as an effective count of adaptation data. We set a threshold and accuwm]g{e until it exceeds

the threshold. We can control the threshold and the number of classes accumulated to get better recognition

accuracy. The best threshold can be obtained from prior experiments.

Fig. 5.6 shows the word error rates as a function of the threshold for non-native speakers (s3-94) after

supervised adaptation. The value next to each data point is the average humber of classes used to estimate
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Figure 5.6 Word error rates as a function of the threshold for adaptation data in inter-class MLLR. The
value next to each data point is the average number of classes used.

the MLLR parameters of the target class. For a very small threshold, only 1 class (target class itself) is

accumulated because the amount of adaptation from the target class exceeds the threshold. For a very large

threshold, all the classes are accumulated.With the threshold value 1500, almost all classes (the average

number = 12.9 out of 13) are used in 3 adaptation sentence case, while only 5.4 classes are used in 10 adap-

tation sentence case. It is because there are more adaptation data from each class in 10 adaptation sentence

case than in 3 adaptation sentence case. If the threshold is too small, the error rate becomes high because

too little adaptation data are used. In 10 adaptation sentence case, the best WER is obtained at a threshold

value of 1000, which corresponds to the use of about only 3.6 MLLR classes. In this case the adaptation

data are sufficient with a small number of classes, and adding more adaptation datéaftber™classes

is not helpful. In 3 adaptation sentence case, WER continues to improve until all the data are used, and all

MLLR classes are contributing to the parameter estimates.
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5.5 Further Issues

5.5.1 Inter-Class Transformation from Different Training Data

The performance of inter-class MLLR will depends on thality of the inter-class transformation. If the
inter-class transformation does not match to the characteristics of the test data, it may not be helpful. Table
5.8 shows the word error rates for the inter-class transformation functions trained from different data with

non-native speakers (s3-94) after supervised adaptation.

First we train the inter-class transformation functions using 25 native speakers from the standard WSJ
training corpus (wsj_25). It provides 22.0% and 21.1% of WER which is higher than the previous results
(20.4% and 19.6% of WER) in Table 5.3 where the inter-class transformation functions are trained from
other test speakers (s3_9). We think it is because s3_9 (non-native speakers) has closer characteristic to the

test data than wsj_25 (native speakers).

As a side experiment, we performed inter-class MLLR using only 1 or 3 adaptation sentences, but
obtaining estimates ofT(,, dy,) using a large amount of adaptation data (200 sentences) from the same
speaker (s3_1) with the test data for each speaker. It provides very good WER because the inter-class trans-

formation (T, dmy) can provide a good priori knowledge for the test speaker.

1 Adaptation 3 Adaptation

Adaptation Method Sentence Sentences

Conventional MLLR (one class) 24.1% 23.1%

Inter-class MLLR (trained from wsj_25) 22.0% (8.7%) 21.1% (8.7%)

Inter-class MLLR (trained from s3_1) 16.5% (31.5%) 16.8% (27.3%)

Table 5.8 Word error rates for non-native speakers (s3-94) after supervised adaptation
using inter-class transformation functions trained from different data
(Relative percentage improvement over conventional MLLR is shown in parenthesis)
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This is a kind of ‘bracle’ experiment because we use the information of the test speaker identity which
may not be known in an actual application. The inter-class transformafjgp @,y in the previous sec-
tion does not use the information of the speaker identity (speaker independent). The test speaker is not nor-
mally available to train adaptation parameters, but in circumstances where he or she is, substantial
improvements in accuracy can be obtained. One approach to improved recognition accuracy may be to pre-
pare several sets of inter-class transformations representing different type of speakers, and selecting an

appropriate set for each test speaker.

5.5.2 Combination with Principal Component MLLR

In the previous chapter, we described weighted principal component MLLR (WPC-MLLR) which pro-
vided a good improvement in WER. We also performed experiments to combine inter-class MLLR with

WPC-MLLR.

We first transformed the baseline mean vectors using the inter-class transformation as Eq. (5.9). We then
calculated eigenvalues and eigenvectors from the transformed mean vectors, and applied WPC-MLLR.
However this does not provides further improvement. We notice that the distribution of the eigenvalues
becomes compact in this case. the ratio of the biggest eigenvalue and smallest eigenvalues from the

transformed mean vectors becomes much smaller than that from the baseline mean vectors, front about 10

to 10%. We believe that this reduces the benefit of WPC-MLLR.

5.5.3 Combination with Sample Means

As we described in Chapter 2, Bayesian adaptation combines the baseline mean with the sample mean. We

can apply this idea using the adapted mean from inter-class MLLR as the baseline mean. Considering Eq.

(2.1), the new adapted mefh, can be written as an MAP-like combination [11].
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W' = BR + (1-B) iy (5.28)

wheref1, is a sample meaf,,  is an adapted mean from inter-class MLLR, is the interpolation factor.

Instead of using variances to calculffe as shown in Eq. (2.1), we use the par&patelis, parameters
assuming the variances of the estimglgs  japd  are inverse proportional to the amount of the adaptation

data.

kiNy

B = —k1N1+k2N2 (5.29)

whereN; is the effective number of data far, ~ ahl is the effective number of data fg, . The optimal

k, andk, can be found from prior experiments.

As Table 5.9 shows the MAP-like combination provides a good improvement with 200 adaptation sen-
tences. Combining with the sample mean will improve asymtotic property. However this method will not
be useful when the amount of adaptation is very small because, in this case, the sample mean will not be

reliable.

_ 200 Adaptation
Adaptation Method
Sentence
Inter-class MLLR 10 8%
(all neighboring classes) o7
Inter-class MLLR
- . . 17.7%
(limited number of neighboring classes)
Inter-class MLLR + Sample mean 11.9%

Table 5.9 Word error rates for non-native speakers (s3-94) after supervised adaptation
using MAP-like combination with inter-class MLLR
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We can also apply MAP-like combination of the adapted mggan and the baselinepgpean , which

may improve the reliability of the final adapted me&p for very small amount of adaptation data.
1 = By + (1-B)y (5.30)

We can even think of MAP-like combination of all three means: baseline mgan , samplgipean , and

adapted meafi,  from inter-class MLLR.

B = Bk + BoPRy + (1 =By —Bo) iy (5.31)

In our experiments, combining with the baseline mean was not helpful. We believe that this is b@cause

andfi, are good enough to produce a reliable estimate with the adaptation data used.

5.5.4 Clustering of MLLR Classes

It is important to have a good clustering of transformation classes in inter-class MLLR. In this thesis, we
use pre-clustered phonetic-based MLLR classes. If we can find better clustering, we may improve recogni-

tion accuracy.

A large number of the classes will provides more details of Gaussian mean vectors at the expense of
more computation. It also requires more training data to get good estimates of the inter-class transforma-
tion functions. Therefore we should choose a proper number of the classes for a given application. In our
experiments using 2 MLLR classes, inter-class MLLR provides 24.2% of WER for 1 adaptation sentence
case, and 21.5% of WER for 3 adaptation sentence case (supervised adaptation). It is worse than the results

(full + shift) in Table 5.3 which use 14 MLLR classes.
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5.5.5 Application to the Broadcast News Task (Hub 4)

We evaluated inter-class MLLR on the broadcast news task (Hub4), which has a large vocabulary and sev-
eral mixed conditions. We trained the inter-class transformation functions from baseline broadcast speech
(clean+native+prepared) because this speech has enough training data. In out experiments, inter-class
MLLR does not provide improvement over conventional MLLR, as was the case for WPC-MLLR. It
seems that inter-class MLLR is also less effective on a complex task. Because we trained the inter-class
transformation from baseline broadcast speech, it may not be good for other conditions (noisy, non-native,
spontaneous, band-limited). For baseline broadcast speech, conventional MLLR may capture most of the

benefit to be expected from MLLR, so inter-class MLLR does not provide further improvement.

5.6 Summary

In this chapter, we introduced a new adaptation method caited-class MLLR It utilizes relationships

among different classes to achieve both detailed and reliable adaptation with limited data. In this method,
the inter-class relation is given by another linear regression which is estimated from training data.When we
estimate MLLR parameters of a target class for test speech, we first transform the baseline mean vectors in
neighboring classes using inter-class regression so that they can contribute to the estimation. We can then

use adaptation data from neighboring classes as well as the target class.

In practice, each neighboring class may make a different contribution to the target class. For this reason
we can apply weights to the neighboring classes that consider their differences. We measure estimation
errors for the target class parameters in the neighboring classes, and use the inverse of the variance of the
estimation error as the weight. A neighboring class with a large variance of the error will get a small

weight. This procedure is similar to the weighted least squares estimation in classical linear regression.

As we have more adaptation data, we can rely on fewer neighboring classes for a target class. For a
large amount of adaptation data, we may not need any neighboring class, and inter-class adaptation

becomes the same as conventional multi-class adaptation.
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The inter-class transformation represemtsriori knowledge. Therefore, if it is different from the char-
acteristics of the test data, it may not be useful. Combining inter-class MLLR with WPC-MLLR does not
provides further improvement in our experiments. In this case, the smallest eigenvalue becomes larger than

in WPC-MLLR alone. We think that this reduces the benefit of WPC-MLLR.

We can apply MAP-like combinations of the baseline mean, sample mean, and adapted mean from
inter-class MLLR to get better recognition accuracy. Clustering regression classes is also important. We
did not achieve a further improvement on broadcast news task (Hub 4) with inter-class MLLR. These areas

need further study.
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Chapter 6
Conclusions

6.1 Summary and Contributions

Adaptation is a process that reduces the differences between training and testing conditions, usually by
using a small amount of adaptation data. In transformation-based adaptation, the recognition model param-
eters are clustered into transformation classes and several parameters in a transformation class are assumed
to be updated by the same transformation function. The transformation function is estimated from the
adaptation data from the transformation class. Since transformation classes are considered independently,
it is difficult to achieve reliable estimates of the transformation functions across multiple classes with a

small amount of adaptation data. If the estimates are not reliable, they will not be helpful for recognition.

Maximum likelihood linear regression (MLLR) is currently one of the most popular speaker-adaptation
technique. It assumes that the baseline mean vectors are transformed to adapted mean vectors by linear
regression. We have noted that MLLR can be considered as the weight least squares either between the
baseline mean vectors and the input feature vectors, or between the baseline mean vectors and the sample

mean vectors.

In this thesis we have tried to improve speech recognition accuracy by obtaining better estimation of
linear transformation functions with a small amount of adaptation data in speaker adaptation. The major
contributions of this thesis are the developments of two new adaptation algorithms to improve maximum
likelihood linear regression. The first one is calf@thcipal component MLLRPC-MLLR), and it reduces
the variance of the estimate of the MLLR matrix using principal component analysis. The second one is
calledinter-class MLLRand it utilizes relationships among different transformation functions to achieve
more reliable estimates of MLLR parameters across multiple classes. In the following subsections we sum-

marize these methods.
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6.1.1 Principal Component MLLR

The main idea of PC-MLLR is that if we estimate the MLLR matrix in the eigendomain, the variances of
the components of the estimates are inversely proportional to their eigenvalues. Therefore we can select
more reliable components to reduce the variances of the resulting estimates and to improve speech recogni-
tion accuracy. PC-MLLR eliminates highly variable components and chooses the principal components
corresponding to the largest eigenvalues. If all the component are used, PC-MLLR becomes the same as
conventional MLLR. Choosing fewer principal components increases the bias of the estimates which can
reduce recognition accuracy. To compensate for this problem, we develgjigitted principal component

MLLR (WPC-MLLR)Instead of eliminating some of the components, all the components in WPC-MLLR

are used after applying weights that minimize the mean square error. The component corresponding to a

larger eigenvalue has a larger weight than the component corresponding to a smaller eigenvalue.

As more adaptation data become available, the benefits from these methods may become smaller
because the estimates using conventional MLLR become more reliable. However, if we have a larger
amount of adaptation data, we would use a larger number of MLLR classes, making the amount of adapta-

tion data for each MLLR class smaller. Therefore PC-MLLR and WPC-MLLR can be useful.

In our experiments PC-MLLR improves recognition accuracy over conventional MLLR, and WPC-
MLLR provided further improvement. However, they do not provide improvement over conventional
MLLR on a complex task like the DARPA broadcast news. These methods seems to be more effective

when there is a larger mismatch between training and test conditions in a small task.

6.1.2 Inter-Class MLLR

It is useful to consider relationships among different parameters when a small amount of adaptation data is
available. Most previous studies use correlations or regression models among the recognition model
parameters in a Bayesian framework. In this thesis, inter-class MLLR utilizes relationships among differ-

ent transformation functions. Inter-class transformations given by linear regressions are used to modify the
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baseline mean vectors in the neighboring classes so that the neighboring classes can contribute to the esti-
mates the MLLR parameters of the target class. If the inter-class transformations are identity functions,
inter-class MLLR becomes the same as conventional single-class MLLR. This idea also can be applied to

other types of transformation-based adaptation and general parameter estimation problems.

In inter-class MLLR several neighboring classes are considered for each target class. In this procedure,
some neighboring classes may be closer to the target class than other neighboring classes. Therefore we
apply different weights to the neighboring classes to accommodate their different contributions to the tar-
get class. Considering the weighted least squares estimation, the weight for each neighboring class is
inversely proportional to the variance of the error that is produced in estimating the target parameters.

Therefore a neighboring class with a smaller variance has a larger weight.

As more adaptation data become available, fewer neighboring classes can be used for a target class. For
a large amount of adaptation data, we may not use any neighboring class at all. In this case inter-class
adaptation becomes the same as conventional multi-class MLLR. To limit the number of neighboring
classes, the neighboring classes are sorted for each target class according to their variances of the errors.
Adaptation data from the closest neighboring class are used first, then from the next closest neighboring

class until sufficient data are used.

In our experiments, inter-class MLLR also provides improvements in recognition accuracy compared to
conventional MLLR. Inter-class MLLR provides greater recognition accuracy than WPC-MLLR in super-
vised adaptation. In unsupervised adaptation, however, inter-class MLLR is worse with a very small
amount of test data, and becomes better with more test data. We believe that WPC-MLLR is more effective

in highly unreliable cases like unsupervised adaptation with a very small amount of test data.

We tried to combine WPC-MLLR and inter-class MLLR by first modifying the baseline mean vectors
using inter-class transformations, and then using WPC-MLLR. However, this combination did not provide
further improvement in accuracy. We believe that the benefits of WPC-MLLR become smaller after inter-

class transformations such as the eigenvalues become more compact.
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6.2 Suggestions for Future Work

In this thesis we used principal component analysis and inter-class relationships to improve speaker adap-
tation. We think that the following areas need further study for better understanding of the problems and

further improvement in recognition accuracy.

6.2.1 Prediction of the Inter-Class Transformations

In this thesis the inter-class transformations are estimated from many training speakers forming speaker-
independent prior information. These transformations are applied to all test speakers, assuming that the test
speakers have the same statistics as the training data. However each test speaker may have different statis-
tics. As in the case of any other procedure based pnori information, these transformations may not be

helpful if the test speaker has different statistics from the training speakers. Our experiments show that the
inter-class transformations from training speakers that are similar to the test speakers provide better recog-
nition accuracy than transformations from training speakers with much different statistics. It is also
observed that the inter-class transformations from the same speaker with the same test speaker provide the

best recognition accuracy.

Therefore we may build several sets of the inter-class transformations which can represent a variety of
test speakers, and select an appropriate set of the inter-class transformations for a test speaker. We may also
modify the inter-class transformations so that they better represent the statistics of the test speaker. For this
procedure we will need to estimate or predict the characteristics of the test speaker. Similar topics have

been studied in Bayesian framework where the prior distributions of model parameters are used [28].

6.2.2 Control of Weights in Inter-Class MLLR

Using neighboring classes to estimate the parameters in the target class has both advantages and disadvan-

tages. Neighboring classes are helpful because they add more data for the estimation, but they are not help-
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ful if they have different statistics from those of the target class. If the disadvantages are bigger than the
advantages then it is better not to include the neighboring class. In Section 5.4 we described how we can
choose a smaller number of neighboring classes as we obtain more adaptation data. We also described
application of weights to the neighboring classes to incorporate the differences of their contributions to the
target class. We can consider discarding a neighboring class as applying zero weight to it. We may find bet-
ter weights which can automatically control this procedures to select the neighboring classes. However, the
better weights may not provide much further improvements in WER as the application of weights in our

experiments provided the minor improvements.

6.2.3 Other Issues

There are some more issues we can consider for the further improvement in recognition accuracy even

though we think these are less important than the previous issues.

Combination of inter-class MLLR and WPC-MLLR: In our experiments we did not achieve further
improvement by combining WPC-MLLR and inter-class MLLR. However we still think it is possible to

improve recognition accuracy by applying these methods together.

Combination of inter-class MLLR and sample mean:We obtained a large improvement in recogni-
tion accuracy by combining the adapted means from inter-class MLLR with the sample means when a
larger amount of adaptation data is available. We used MAP-like interpolation for this combination. We
may find a better model to combine the adapted means from inter-class MLLR with the baseline means and

the sample means.

Clustering of MLLR classes: In our experiments we used pre-determined MLLR classes. We may
achieve better recognition accuracy with more MLLR classes at the expense of more computation. We may
control the number of the MLLR classes dynamically for a new task or system. Finding a better metric to

cluster the MLLR classes also needs further study.
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Application to more complex tasks: We achieved improvements in recognition accuracy mainly for
non-native speakers in a relatively simple task. Further work is needed to get a better understanding of the
nature of problem of a complex task like the DARPA broadcast news, and to achieve improvement in rec-

ognition accuracy.

Testing with other sources of degradation:In this thesis we focused on adaptation for different
speakers. Further study is needed to evaluate the effects of the algorithms developed on other sources of
degradation. We believe that different microphones and channels have similar effects as different speakers.

However background noise may be different.

6.3 Conclusions

In this thesis, we developed two new adaptation algorithms to improve speech recognition accuracy in
maximum likelihood linear regression. The first one is caflddcipal component MLLRPC-MLLR), and

it reduces the variance of the estimate of the MLLR matrix using principal component analysis. The sec-
ond one is calleanter-class MLLRand it utilizes relationships among different transformation functions

to achieve more reliable estimates of MLLR parameters across multiple classes.

Inter-class MLLR requires training data to estimate inter-class transformations, while principal compo-
nent MLLR does not. We may improve recognition accuracy further in inter-class MLLR by obtaining bet-
ter inter-class transformations for the test data. We may also improve recognition accuracy by combining
the inter-class MLLR and principal component MLLR. The developed methods are aimed for the case
when only a small amount of adaptation data is available. For a larger amount of adaptation data, we can
combine the adapted means from these methods with the sample means to get further improvement in rec-

ognition accuracy.
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