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Abstract

In this thesis we improve speech recognition accuracy by obtaining better estimation of linear transf

tion functions with a small amount of adaptation data in speaker adaptation. The major contributio

this thesis are the developments of two new adaptation algorithms to improve maximum likelihood

regression. The first one is calledprincipal component MLLR(PC-MLLR), and it reduces the variance o

the estimate of the MLLR matrix using principal component analysis. The second one is calledinter-class

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

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 varian

of the components of the estimates are inversely proportional to their eigenvalues. Therefore we can

more reliable components to reduce the variances of the resulting estimates and to improve speech

tion accuracy. PC-MLLR eliminates highly variable components and chooses the principal compo

corresponding to the largest eigenvalues. If all the component are used, PC-MLLR becomes the s

conventional MLLR. Choosing fewer principal components increases the bias of the estimates whi

reduce recognition accuracy. To compensate for this problem, we developedweighted principal component

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

are used after applying weights that minimize the mean square error. The component correspond

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

because the estimates using conventional MLLR become more reliable. However, if we have a

amount of adaptation data, we would use a larger number of MLLR classes, making the amount of a

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 adap

data is available. Most previous studies use correlations or regression models among the recognition

parameters in a Bayesian framework. In this thesis, inter-class MLLR utilizes relationships among

ent transformation functions. Inter-class transformations given by linear regressions are used to mod

baseline mean vectors in the neighboring classes so that the neighboring classes can contribute to
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mates the MLLR parameters of the target class. If the inter-class transformations are identity func

inter-class MLLR becomes the same as conventional single-class MLLR. This idea also can be app

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 proc

some neighboring classes may be closer to the target class than other neighboring classes. There

apply different weights to the neighboring classes to accommodate their different contributions to th

get class. Considering the weighted least squares estimation, the weight for each neighboring c

inversely proportional to the variance of the error that is produced in estimating the target param

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 cl

a large amount of adaptation data, we may not use any neighboring class at all. In this case inte

adaptation becomes the same as conventional multi-class MLLR. To limit the number of neighb

classes, the neighboring classes are sorted for each target class according to their variances of th

Adaptation data from the closest neighboring class are used first, then from the next closest neigh

class until sufficient data are used.

In our experiments PC-MLLR improves recognition accuracy over conventional MLLR, and W

MLLR provided further improvement. Inter-class MLLR also provides improvements in recognition a

racy over conventional MLLR. Inter-class MLLR is better than WPC-MLLR in supervised adaptation

unsupervised adaptation, however, inter-class MLLR is worse with a very small amount of test dat

becomes better with more test data. We believe WPC-MLLR is more effective in a highly unreliable

like unsupervised adaptation with a very small amount of test data. Both methods do not provide im

ment over conventional MLLR on a complex task like the DARPA broadcast news task. These me

seems to be more effective when there is a larger mismatch between training and test conditions in

task.

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

tors using inter-class transformations, and then using WPC-MLLR. However, this combination di
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provide further improvement in accuracy. We believe that the benefits of WPC-MLLR become sm

after inter-class transformations such as the eigenvalues become more compact. The developed

are aimed for the case when only a small amount of adaptation data is available. For a larger am

adaptation data, we can combine the adapted means from these methods with the sample means to

ther improvement in recognition accuracy.
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Chapter 1
Introduction

Speech recognition systems have achieved increasingly good recognition accuracy in recent years

theless, the accuracy of speech recognition systems is still often severely degraded when there a

matches between testing and training conditions, or the recognition model does not represent the t

properly. Adaptation is a process that reduces the difference between training and testing condition

ally by using a small amount of adaptation (or training) data. If we have a large amount of data from

condition, we can simply use a regular re-training technique. In practical applications, however, it i

quently difficult to obtain a large amount of training data from a new test condition such as a diff

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 property,i.e. more data, better accuracy

• Simple computation

• Good unsupervised adaptation

We seek to achieve both fast and asymptotic properties in adaptation algorithms. Fast adaptation

that good recognition accuracy can be achieved with small amounts of adaptation data. It is “fast” in

that it does not have to wait long to get more adaptation data. In order to obtain fast adaptation, we u

need to either reduce the number of the parameters to be estimated, or perform smoothing of the p

ters. If we assume that there is a function that transforms the baseline recognition models to the a

recognition models, we can estimate the parameters of this transformation function rather than the re

tion models. In this case, the tranformation function usually has much fewer parameters than the re

tion models. Therefore we can achieve reliable estimation of the transformaiton function with a

amount of adaptation data. This method is calledtransformation-based adaptation.
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This method causes some detailed information of the individual model parameters to be lost,

generally impairs recognition accuracy. For example, when we adapt a speaker-independent (SI)

recognition system for a new speaker, the speaker-adaptive (SA) system may not achieve the level o

racy obtained with the speaker-dependent (SD) system. Therefore, as we have more adaptation d

would like to achieve better recognition accuracy asymtotic to a condition-specific system (e.g.SD sys-

tem). If adaptation requires too much computation, it may not be very useful. Therefore we would l

develop a computationally simple algorithm.

Sometimes adaptation data with correct transcripts are available (supervised adaptation), someti

(unsupervised adaptation). In the case of unsupervised adaptation we adapt the system without any

adaptation data. Unsupervised adaptation algorithms typically adapt on the basis of the (errorful) de

of the incoming speech produced by the baseline recognition system instead of completely correc

scripts. An obvious goal of unsupervised adaptation is to reduce the gap in recognition accuracy b

supervised and unsupervised adaptation to the extent possible.

Most current speech recognition systems use hidden Markov models (HMMs) to represent the s

cal characteristic of speech. The most important parameters in HMM are output distributions, whic

usually represented by Gaussian mixture densities. In this thesis we focus on the adaptation of reco

model parameters, especially Gaussian mean vectors which are essential in the Gaussian mixture d

We focus on speaker adaptation even though the developed techniques can be applied to adapta

other sources of mismatches.

Goal and outline

The goal of this thesis is to improve recognition accuracy by obtaining better estimation of the transf

tion function with the limited amount of adaptation data. We present two new adaptation algorithm

improve maximum likelihood linear regression (MLLR) adaptation. One is calledprincipal component

MLLR (PC-MLLR) which reduces the variance of the estimate of the MLLR matrix using principal com
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nent analysis. The other is calledinter-class MLLRwhich utilizes relationships among different transfo

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 speec

ognition and speaker adaptation algorithms. We especially describe two major adaptation appro

Bayesian adaptation and transformation-based adaptation. We also describe the extensions o

approaches to overcome their disadvantages. We then describe the experimental system to be use

evaluation of the algorithms to be presented. In Chapter 3 we review classical linear regression and M

and describe that we can consider MLLR as weighted least square estimation. We present principal

nent MLLR in Chapter 4, and inter-class MLLR in Chapter 5 along with their experimental results. Fin

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

2.1  Introduction

In this chapter we will present the background information to the thesis. We will first briefly explain a

matic speech recognition and hidden Markov models (HMM), then review speaker adaptation techn

The two most common approaches used to modify the parameters characterizing speech in reco

system are Bayesian adaptation, which uses a maximuma posteriori probability (MAP) criterion, and

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

In Bayesian adaptation, the parameters to be estimated are assumed to be random variable

parameter is adapted if there are adaptation data which are associated with that parameter. If only

amount of adaptation data is available, there will not be sufficient data available to meaningfully

many of the parameters, which results in little change in recognition accuracy. In contrast, if the

enough adaptation data to provide information about all of the parameters to be adapted, the adapte

els will converge to speaker dependent (SD) models.

Transformation-based adaptation procedures usually use a simple linear transformation of the re

tion model parameters to reduce the number of the parameters to be estimated. They can improve in

nition accuracy when only a small amount of adaptation data is present. Nevertheless, a

transformation cannot capture all the details about the information contained in the adaptation data,

has an adverse impact on its asymptotic properties.

We will also review the some of the techniques developed to overcome the disadvantages of Ba

and transformation-based approaches. Finally we will describe the SPHINX-3 system and the test c

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.

speech recognition system receives an input speech waveform and converts it to a set of feature ve

that it can better represent speech characteristics, then compares it with reference patterns to find t

est pattern. If the input speech in generated by a different speaker or under different environmental

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

2.2.1  Acoustic Modeling

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

test pattern). We can think of speech as a sequence of phonemes (or sub-phonemes) which have t

distinctive patterns (inter-phoneme differences). However the exact shape of speech signal chang

for a same speaker repeating a same word (intra-phoneme variations). The duration of each phone

changes every time it is spoken (temporal variation).

Dynamic Time Warping(DTW) has been developed to overcome the temporal variation [50]. It stor

set of reference patterns, and aligns test and reference patterns so that they their smallest “di

between them according to a predetermined metric. After comparing the test word with all the refe

patterns, the reference pattern with the minimum distance is identified as the recognized output. B

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

Input
Speech

Feature
Extraction

Pattern

Reference
Patterns

OutputDecision
RuleComparison Text
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DTW compares a test pattern with one reference pattern at a time, it is difficult to incorporate with

reference patterns which may (for example) represent the acoustic variations of a same phoneme (o

over different reference speakers or environmental conditions.

Hidden Markov Models(HMMs) can deal with this problem. The HMM uses a stochastic model inst

of a set of reference patterns. A HMM consists of a number of states which have their own transitio

output probabilities as illustrated in Fig. 2.2. We collect a lot of reference patterns for each phonem

recognition unit), and build the probabilistic distributions from them. Because each phoneme is cha

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

An input feature vectorot at time framet is associated with statei with a probability which can be cal-

culated from the transition and the output probabilities. The next input feature vector at time framt+1

may be associated with the same statei again (with self-transition probabilitypii) or statej (with transition

probabilitypij , ). In this way a sequence of input feature vectors is associated with the states. S

different sequences of states can correspond to a particular input sequence as shown in Fig. 2.3.pii is

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

vectors representing a phonetic segment that is longer in time. Ifpii is small, the input feature vectors fo

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

input feature vectors with different lengths.

A different HMM with different transitions and output probabilities can represent a different phone

For a given test pattern (or a sequence of input feature vectors) , the likelih

of the pattern being generated from a model representing themth phoneme is calculated.

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

mth phoneme.

Most state-of-the-art HMM systems use Gaussian mixtures to represent the output probabilities.

i j≠

O o1 o2 ... oT[ ]=

P O λm( ) O λm

λm

P O λm( ) P O λn( ) for all n m≠>
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s
where is an output probability for states, is a mixing weight, is a mean vector, and i

a covariance matrix forkth Gaussian in states. More details about HMMs can be found in [24, 30, 47].

S1 S3S2

p11

p11

p22 p33

p13

p23 p31

b1(o) b2(o) b3(o)

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.

Si = Statei
pij  = Transition probability from statei to statej
bi = Output probability for statei,

Figure 2.3Sequences of input feature vectors and corresponding states

o2 o3 o4 o5 o6 o7 o8 o9 o10o1

S1 S2 S2 S2 S3 S3 S3 S3 S3S1

S1 S1 S2 S2 S2 S3 S3 S3 S3S1

S1 S1 S1 S2 S2 S2 S3 S3 S3S1

...

...

...

...

A sequence of input feature vectors:

Possible sequences of corresponding states:

Time

...
...

...

frame

bs o( ) wskN o µsk; Csk,( )
k
∑=

bs o( ) wsk µsk Csk
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2.2.2  Language Modeling

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

words. In this case, the recognized sentence will be the sequence of words

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

From Bayes’ rule, this can be written as

Because  does not depend on ,

represents the acoustic likelihood which can be obtained using HMMs as explained i

previous subsection. represents the likelihood of the sequence of words which can be obtaine

language modeling[30]. A popular language modeling method is to estimate the probability of a word c

sidering its history.

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

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

We applylanguage model weightsto the probability from the language model to control the relati

contributions of the acoustic and language models. For a higher language model weight, a recogniti

tem relies more on the language model.

Ŵ W w1 w2 ... wn[ ]=

O( )

Ŵ max
W

P W O( )arg=

Ŵ max
W

P O W( )P W( )
P O( )-----------------------------------arg=

P O( ) W

Ŵ max
W

P O W( )P W( )arg=

P O W( )

P W( )

P W( ) P w1 w2 … wn, , ,( ) P wi wi 1– wi 2– … w1, , ,( )
i 1=

n

∏= =
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2.3  Review of Speaker Adaptation

For adaptation we can either modify the input feature vectors or the recognition model paramet

shown in Fig. 2.4 [36]. Cepstral mean normalization (CMN) (or cepstral mean subtraction [48]), c

dependent cepstral normalization (CDCN) [1], and vocal tract length normalization [20] are some

examples of the method which modifies input feature vectors. Sankar and Lee [51] proposed a max

likelihood stochastic matching approach to estimate an inverse distortion function. These methods

all input feature vectors, which may require too much computation. On the contrary when we modif

ognition model parameters, we can modify the model parameters once, and use them for all input

vectors. A different phoneme may have a different mismatch. In this case, modifying all the input fe

vectors in the same way will not be appropriate. The adaptation of recognition model parameters is

because we can easily modify different phonemes in different ways.

In this thesis, we focus on modifying the model parameters and specifically Gaussian mean vec

that they can represent a new condition (speaker or environment) better. In this section we will e

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

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

Training

Testing

Feature
Space

Model
Space

X ΛX

T1
T2

ΛYY

data

data
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2.3.1  Bayesian Adaptation

In Bayesian or maximuma posterioriprobability (MAP) adaptation, we assume that the target param

that we try to estimate is a random variable, and that some prior knowledge about the target param

available. For a data vectorX, the MAP estimate of a parameter  is given by

where represents the prior distribution of the model parameter , and can be obtained from a

collection of training data.

Suppose we haveN samples which are independently drawn from a Gaussian distribu

with mean  and variance ,

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

Gaussian distribution

The MAP estimate of a mean  is obtained by (e.g.[15])

(2.1)

where  is the sample mean, and  is a weighting factor.

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

of the sample mean and the prior mean . When there are no samples of data available (N = 0),

λ

λMAP argmaxλ P λ X( )( ) argmaxλ P X λ( )P λ( )( )= =

P λ( ) λ

x1 … x, N,

µ σ2

P x µ( ) N µ σ2,( )∼

µ

P µ( ) N µo σo
2,( )∼

µ

µ̂MAP
Nσo

2

Nσo
2 σ2+

--------------------------x σ2

Nσo
2 σ2+

--------------------------µo+=

βx 1 β–( )µo+=

x 1
N
---- xn

n 1=

N

∑= β
Nσo

2

Nσo
2 σ2+

--------------------------=

x µo β 0=
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and the MAP estimate is simply the prior mean ( ). In other words, there is no adaptatio

we obtain more samples ( ), becomes one and the MAP estimate converges to the sampl

( ). Fig. 2.5 illustrates the MAP estimates for different amount of samples for three Gau

mean values. Note that the estimate is close to its prior mean value because it is ob

using a small number of samples, and is close to its sample mean value because it is ob

using a large number of samples.

If we apply this formulation to speaker adaptation, we can consider the prior mean as a SI mod

baseline model) parameter, and the samples as adaptation data. When a large amount of adaptatio

available ( ), adapted model parameters converge to the corresponding SD model paramet

ML estimates. Hence, MAP estimation has good asymptotic properties. When only a small amo

adaptation data is provided, the number of samplesN for the some of the model parameters will be zer

and the parameters are consequently not adapted. This is one of the major disadvantages of Bayesi

µ̂MAP µo=

N ∞→ β

µ̂MAP x→

µ̂1 MAP, µ1o

µ̂3 MAP, x3

µ̂2 MAP,

N1 N2 N3< <( )

x1

x2

x3

µ1o
µ2o

µ3o

µ̂1 MAP,

µ̂3 MAP,

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

N ∞→
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tation. A large amount of adaptation data is needed to provide a significant change in the model para

and recognition accuracy. It is also noted that if the prior variance is large (an “uninformative pr

then the MAP estimate is approximately equal to the ML estimate because we don’t have usefu

information.

An early seminal study on MAP adaptation for speech recognition by Leeet al. [37] described how to

reestimate the mean and covariance parameters of continuous density HMMs. Gauvain and Lee [1

ther extended this work to estimate other HMM parameters. The Bayesian approach has been ap

semi-continuous HMMs and discrete density HMMs by Huoet al.[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 t

transformation. When we try to adapt recognition model parameters (especially Gaussian mean ve

continuous HMMs), we estimate the transformation function using a small amount of adaptation

instead of estimating the individual recognition model parameters. Then we update the recognition

parameters using the estimated transformation. We can think of the transformation as an interm

parameter as shown in Fig. 2.6. Because the number of transformation parameters is usually much

than the number of the target parameters, the estimation of the transformation parameters can be m

able when only a small amount of adaptation data is available. So transformation-based adaptation

useful in that case. However, because it can’t capture the details of the individual target paramete

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

Transformation-based adaptation most frequently uses an ML criterion to estimate the transform

parameters. The ML estimate of a model parameter  is given by

(2.2)

σo
2

λ

λML argmaxλ P X λ( )( )=
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whereX refers to the adaptation data and refers to the likelihood function. In ML estimation

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

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 sam

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

updated by a same function, for example, a same shift vectorb (i.e. where is the adapted

mean and is the baseline mean). First, we estimate the shift vector (shown as dotted lines) by

adaptation data. Then we adapt the means using the shift vector . Notice that even though

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

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

In transformation-based adaptation, we can classify target parameters (usually Gaussian mean

in different ways. We may classify them as a single transformation class, or multiple transform

classes. Once we determine the transformation classes, we consider each class independently. We

transformation function parameters for a class using only the samples which correspond to that clas

have more transformation classes then we will have fewer samples for each class. Fig. 2.8 shows ex

of different classifications. Each dot represents a Gaussian mean vector which is associated with a d

phoneme or sub-phoneme. If we assume a shift vectorb for each transformation class (i.e.

), we may update the mean vectors as shown in Fig. 2.8 (a) o

in Fig. 2.8 (b). For the single-class case (a), we use all the samples to estimate , so we may get a

transformationAdaptation
data

Estimate
transformation

function

Update
recognition

models

Recognize
test data

Figure 2.6A block diagram of transformation-based adaptation

Determine

classes

P X λ( )

µ̂k µk b+= µ̂k

µk b̂

b̂ µ1o

µ̂k µk b k a transformation class∈,+=

b̂
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estimation (or small estimation error) of even with a small number of samples. However, this ma

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

shift vector for a transformation classc will describe the movement of the individual Gaussian me

vector better than the single-class case (a). However, because each shift vector is estimate

smaller number of samples which correspond to the classc, 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 ada

samples. As we have more adaptation samples we choose larger number of transformation class

optimal number of transformation classes will depend on the number of adaptation samples availab

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

model. Consider the example in Fig. 2.9. There are two baseline mean vectors ( ). The true

of the adapted mean vectors ( ) are shown as empty circles. We actually don’t know the true

µ̂2

N1 N2 N3< <( )

x1

x2

x3

µ1o
µ2o

µ3o

µ̂1

µ̂3

b̂

b̂

b̂

Figure 2.7 An example of transformation-based adaptation of Gaussian mean vectors assumin

µ̂k µko b+=

b̂ b̂

b̂c

b̂c

b̂c

µ1o µ2o,

µ̃1 µ̃2,
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and try to estimated the adapted mean vectors using adaptation samples (or sample mean vectors

Let’s assume that the baseline mean vectors are updated by the same shift vectorb (i.e. , k =

1,2). Then the estimation of the shift vectorb will be given as , and the adapted mean vectors as

In this example, even though the sample mean vectors are located close to their true mean vectors,

mations of the adapted mean vectors are far from the true vectors. It is because the assumption of t

mation function, a same shift vector in this example, is not good for the given mean vectors. So a

model for the transformation function is important. A good model can describe the movement of the

parameters well with a small number of transformation parameters.

One of the most successful implementations of transformation-based adaptation is the Maximum

lihood Linear Regression (MLLR) method developed by Leggetter and Woodland [40]. MLLR appl

linear transformation on recognition model parameters (which are usually Gaussian mean vect

obtain an adapted model. If is the mean vector of a Gaussian mixture component in an SI mod

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

(a) Single class (b) multiple classes

x1 x2,

µ̂k µko b+=

b̂ µ̂1 µ̂2,

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

(2.3)

where is a multiplication matrix and is a shift vector. These transformation parameters are esti

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 adapta

transformation-based adaptation. In typical cases, transformation-based adaptation is better for

amount of adaptation data, and Bayesian adaptation is better for a larger amount of adaptation data

sian adaptation tends to have better asymtotic properties than transformation-based adaptation. F

shows an example of the recognition results using both methods. The experiements were performe

the non-native speakers from 1994 DARPA Wall Street Journal task. In Fig. 2.10, the zero adaptatio

tence indicates the case of the baseline system (no adaptation). It is noted that transformation-base

tation uses a single class for all cases, and may improve the recognition accuracy if more transfor

classes are used.

It should be noted that the names for these adaptations may be misleading. In Bayesian adapta

usually make use of the prior distributions of the target parameters and apply MAP criterion on

µ̂1

x1

x2
µ1o µ2o

b̂ b̂

µ̂2 µ̃2µ̃1

Figure 2.9An example of transformation-based adaptation with an improper transformation model

µ̂k Aµk b+=

A b
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However, we can apply MAP criteria to a transformation function too. For example, the MAP criterion

been applied to linear regression in the MAPLR method [7]. In transformation-based adaptation, w

ally assume that the number of transformation parameters is much smaller than the target para

However, we can increase the number of transformation functions. In an extreme case, we can appl

formation function for each target parameter (even though it is not transformation-based adaptatio

usual sense). This will give the same result as the sample mean gives,i.e an asymptotic result. In Fig. 2.10

transformation-based adaptation produces a larger error rate than Bayesian adaptation for a large

of adaptation. However, in the case of a very large amount of available data, the transformation-bas

mate as well as the MAP estimate will become the ML estimate if a sufficient number of transform

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 parameter
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Figure 2.10A comparison of recognition error rates of Bayesian and transformation-based adaptation fo
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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

ing a priori information and the adaptation data. Transformation-based adaptation uses informatio

(1) and (3). It assumes a common transformation function and uses adaptation data to estimate the

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 ad

there are no adaptation data associated with it. Several methods have been proposed to overcome

advantage, which mostly utilize the relationships among different parameters.

Lasry and Stern [35] introduced the extended MAP (EMAP) adaptation which makes use of info

tion about correlations among parameters. A parameter can be adapted even though there is no ad

data directly associated with it. Zavaliagkos [56] was the first to apply EMAP adaptation to large

HMM speech recognizers. While the EMAP approach produces an elegant analytical adaptation eq

that makes appropriate use of correlations among adaptation parameters, solution of the equation

on the inversion of a large matrix. Rozzi and Stern [49] developed a least mean square (LMS) algorit

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 r

computational complexity. Afifyet al [3] also used pairwise correlation of parameters. For a target par

eter, they got several estimates using correlations with different parameters, and combine them to

final estimate for the target parameter.

Chen and DeSouza [6] also used the correlation between speech units for a similar speaker ada

algorithm which they refer to asAdaptation By Correlation(ABC). The estimates are derived using lea

squares theory, and it is very similar to EMAP estimation. They reported that ABC is more stable
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MLLR when the amount of adaptation data is very small on the Wall Street Journal task, and that

enhances MLLR when they applied ABC with MLLR on the F0 condition of the ARPA HUB 4-96 eval

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

Sagayamaet al [53, 54] suggested the Vector Field Smoothing (VFS) method to overcome insuffic

training data. An unobserved vector is estimated by interpolating the neighboring vectors, and traine

tors are smoothed to reduce estimation errors.

Cox [10] predicted unheard sounds using correlation models. Ahadi and Woodland [2] propose

regression-based model prediction (RMP) technique. They applied linear regression to estimate par

relationships among the model parameters, and used it to update those parameters for which th

insufficient adaptation data.

Zavaliagkos [56] suggested a method to tie adaptation across clusters of models. As is done in tr

mation-based adaptation, he applied a simple transformation on the parameters in a cluster. A share

shift and a shared variance scaling are assumed, and estimated using the MAP framework. Other r

groups have proposed hybrid algorithms to combine the transformation-based and Bayesian ada

approaches [8, 11].

Shinoda and Lee [52] proposed a structured MAP (SMAP) adaptation, in which the transform

parameters are estimated in a hierarchical structure. Despite its name, the SMAP algorithm does no

use of prior information about speaker variability. The MAP approach was introduced to achieve a

interpolation of the parameters at each level. Parameters at a given level of the hierarchical struct

used as the priors for the next lower child level. The resulting transformation parameters are a comb

of the transformation parameters at all levels. The weights for the combinations are changed accor

the amount of adaptation data present. The main benefit of the SMAP adaptation is that automatic

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

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

procedure using either parameter correlations (as in the EMAP, ABC algorithms), neighborhoods in
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space (as in the VFS algorithm), regression models (as in the RMP algorithm), or parameter tying (as

hybrid algorithm). In these ways they attempt to estimate unobserved parameters, and to get robu

mates when very small amounts of adaptation data are available. However, interpolation and smo

can cause potentially useful detailed information to become lost.

Correlation and regression among Gaussian mean vectors have been used mostly in a Bayesia

work. It describes shift but not rotation of mean vectors. Because there are thousands of Gauss

speech recognition systems, considering only a few neighboring Gaussians may not have much e

Bayesian estimates of mean vectors, and consideration of larger numbers of neighboring Gaussia

require too much computation. It is also difficult to apply correlations among multi Gaussian mix

because there are no explicit correspondence among Gaussians. In this thesis, we will describe a ne

rithm in Chapter 5 which utilizes relationships among different transformation functions in transforma

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 algori

be developed in this thesis. Even though we report results only using SPHINX-3 in this thesis, the

rithms can be applied to any continuous HMM-based speech recognition system. SPHINX-3 is a

vocabulary, speaker-independent, HMM-based continuous speech recognition system developed a

egie Mellon University. Even though SPHINX-3 can handle both continuous and semi-continuous m

only the continuos models are used in this thesis. The output probabilities in the continuous model a

resented by Gaussian mixtures. For adaptation, the mean vectors of the Gaussian mixtures are mo

this thesis.

As shown in Fig. 2.1 the input speech is converted to feature vectors. In this thesis mel-frequency
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tral coefficients (MFCC) are used as static features for speech recognition [57]. First-order and s

order time derivatives of the cepstral coefficients are then obtained, and power information is include

fourth feature. These features form a 39-dimensional vector (12+12+12+3) which is obtained eve

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

mens. Because the number of states of HMM for the triphone is too large, tied states, or senones a

to reduce the number [29]. The output distribution of a state is represented by the Gaussian mixture

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 especi

the non-native English speakers from Spoke 3 in the 1994 DARPA evaluation (s3-94). Spok

designed “to evaluate a rapid enrollment speaker adaptation algorithm on difficult speakers [4

consists of 10 speakers reading 20 test sentences each. Each speaker reads news articles from

corpus. The primary test in Spoke 3 uses 40 adaptation sentences for each speaker in supervise

In this thesis, however, we are interested in much smaller amounts of adaptation data, and we u

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

tences.

(1) NET INCOME FOR THE QUARTER EXCEEDED FOUR POINT FIVE MILLION DOLLARS OR ABOU

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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(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

corpus which contains clean speech data with 20K-word vocabulary from 321 native speakers, re

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

speakers. We use 20 speakers and 10 test sentences each. The Spoke 0 is similar to the Spoke

that they are from native speakers.

• The Telefónica (TID) corpus

This corpus was recorded over the GSM cellular telephone network in Spain [25]. It is a small vo

lary set (approximately 75 words in lexicon) which contain mainly numbers. It includes approxim

6000 training utterances and 3000 testing utterances (with approximately 14500 tokens in the te

spoken by approximately 1700 speakers. It was originally recorded at 8000 kHz. It has been ma

transcribed and annotated for acoustic environment, speaker’s dialect and other conditions. It co

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 s

different conditions,e.g. planned/spontaneous, clean/noisy, full/narrow bandwidth, and native/n

native. It has a much larger vocabulary than the previous corpora. The baseline system is traine

about 100 hours of speech, including all conditions together. About one hour of evaluation d
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1998 are used for the test in this thesis. There are no separate adaptation data provided for th

Typically the speech data are first segmented automatically, and clustered into similar conditions

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 adaptati

the experimental environment used in this thesis. Hidden Markov models (HMMs) represent the cha

istic of speech in statistical way. The most important parameters in HMMs are their output distribu

which are usually represented by Gaussian mixture densities. We can modify these parameters to

baseline model to a new test condition. We presented the basic characteristics of Bayesian and tran

tion-based adaptation, and their extensions to overcome their disadvantages. In this thesis we will fo

transformation-based adaptation because it gives better recognition accuracy with limited amount o

tation data. In the next chapter we will review maximum likelihood linear regression (MLLR) which is

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 adapt

techniques. It assumes that the baseline mean vectors are transformed to adapted mean vectors

regression. In this chapter we will first review classical linear regression which relates a pair of sam

We will explain that estimates using different criteria can generate the same result. We will then de

MLLR and compare MLLR with classical linear regression. We will also describe some approach

implementation that reduce the computational cost of MLLR estimates.

3.1  Classical Linear Regression

Consider the linear regression between samplesxi andyi as shown in Fig. 3.1. (We use scalar values f

simplicity.) For each pair of samples , we assume

(3.1)

whereei is an error term andN is the number of sample pairs. Once we estimate (a, b), we can predictyi

givenxi according to the linear equation.

(3.2)

Linear regression parameters (a, b) can be estimated in different ways. In the following three subs

tions, we describe the similarity of different methods.

3.1.1  Least Squares Estimation

We estimate (ae, be) to minimize the squared error,i.e. minimize

(3.3)

xi yi,( )

yi axi b ei i,+ + 1 2 ...,N, ,= =

ŷi axi b+=

Qe ei
2

i 1=

N

∑ yi aexi– be–( )2

i 1=

N

∑= =
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3.1.2  Maximum Likelihood Estimation

We assume that the errorei has Gaussian distribution, or . Then we estimate (am, bm) to max-

imize the probability of the error. Specifically we maximize

(3.4)

which is accomplished by minimizing

(3.5)

We can see that Eqs. (3.3) and (3.5) give the same result if  is constant. The solution is [5]

x

y

y = a x + b

Figure 3.1Linear regression between samplexi andyi

ei N 0 σe
2,( )∼

f e( ) f i ei( )
i 1=

N

∏ k 1–

2σe
2

--------- yi amxi– bm–( )2

i 1=

N

∑exp⋅= =

Qm
1

σe
2

------ yi amxi– bm–( )2

i 1=

N

∑=

σe
2
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(3.6)

(3.7)

where  is the sample mean of , and  is the sample mean of .

If  has a different variance  for a different sample pair , then Eq. (3.5) becomes

(3.8)

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

is called the ‘weighted least squares’ [e.g. 42, 43]. It minimizes the weighted sum of squared errors.

(3.9)

where is a weight. We usually choose the inverse of the variance for the weight . Th

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

(3.10)

(3.11)

ae am

xi x–( ) yi y–( )
i 1=

N

∑

xi x–( )2

i 1=

N

∑
-----------------------------------------------= =

be bm y aex–= =

x 1
N
---- xi

i 1=

N

∑= xi y 1
N
---- yi

i 1=

N

∑= yi

ei σei
2

xi yi,( )

Q'e yi a'exi– b'e–( )2 σei
2⁄

i

N

∑=

Qw wiei
2

i

N

∑ wi yi awxi– bw–( )2

i

N

∑= =

wi 1 σ⁄ ei
2( ) wi

aw

wi xi xw–( ) yi yw–( )
i 1=

N

∑

wi xi xw–( )2

i 1=

N

∑
-----------------------------------------------------------=

bw yw awxw–=
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where  are the weighted sample means,  and .

3.1.3  Estimation Using Correlation

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

ables (X,Y) which have a bivariate Gaussian distribution with mean vector and covari

matrix . We can get the expected value ofyi given samplexi using the conditional prob-

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

(3.12)

This can be written in the form

(3.13)

when

(3.14)

(3.15)

We can see that is very similar to and in Eqs. (3.6) and (3.7), especially f

largeN.

xw yw, xw

wi xi
i 1=

N

∑

wi
i 1=

N

∑
--------------------= yw

wi yi
i 1=

N

∑

wi
i 1=

N

∑
--------------------=

µX µY[ ]T

CX
σX

2 σXY

σXY σY
2

=

ŷi E yi xi( ) µY
σXY

σX
2

---------- xi µX–( )+= =

ŷi acxi bc+=

ac
σXY

σX
2

----------
E X µX–( ) Y µY–( ){ }

E X µX–( )2{ }
------------------------------------------------------= =

bc µY acµX–=

ac bc,( ) ae be,( ) am bm,( )
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3.1.4  Estimation ofxi usingyi

In this section, we have been considered the linear regression ofyi onxi, or the estimation ofyi using given

xi. For sample pairs , we can also think of linear regression in the reverse way,i.e. the estimation of

xi using givenyi. Let

using linear regression parameters (c, d). It may look like

and is comparable to Eq. (3.2). However it should be noted that  and .

3.2  Maximum Likelihood Linear Regression (MLLR)

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

linear transformation. If is a baseline mean vector and is the corresponding adapted mean ve

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

sion parametersA andb,

(3.16)

or

(3.17)

where , , andb areD-dimensional vectors,A is aD x D matrix, andD is the number of components

in the feature vector. We estimate the regression parametersA andb from adaptation data so that the likeli

xi yi,( )

x̂i cyi d+=

yi
1
c
--- x̂i

d
c
---–=

a 1
c
---≠ b d

c
---–≠

µk µ̂k

µ̂k Aµk b k a regression class∈,+=

µ̂k1
µ̂k2

.
µ̂kD

a11 a12 … a1D
a21 a22 … a2D
. . … .

aD1 aD2 … aDD

µk1
µk2

.
µkD

b1
b2
.

bD

+=

µk µ̂k
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hood of the adaptation data is maximized (hence the term Maximum Likelihood Linear Regression).

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

We normally obtain better speech recognition accuracy whenA is a 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 we

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

components of .

On the other hand, we typically assume that each component of a mean vector is independent in a

recognition system. We can explain this as follows. The baseline mean vectors move into a differen

tion for the adapted mean vectors as shown in Fig. 3.2. It also changes the overall shape of the G

mean vectors. We can characterize this movement by the combination of rotation, expansion/contr

and shift. The MLLR parameters (A, b) can describe these movements ifA is a full matrix, and MLLR is

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

µ̂k

µk

µ̂kr ari µki( )
i 1=

D

∑ br+= r, 1 2 ...,D, ,=

Baseline mean vectors

Adapted 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 parametersA and

b which maximize the likelihood of the adaptation data (or observation sequence)

from the Gaussian mixtures

N N

and the HMM parameter set . The indexk represents all the Gaussians which belong to the regres

class. Again, , , , andb areD-dimensional vectors,A is aD x D matrix. It has been shown that we

can estimateA andb by minimizing [40]

(3.18)

where is thea posterioriprobability of being in the HMM states at time t with the kth

Gaussian, given the observation sequenceO and the recognition model . If we compare this equation

Eq. (3.8), we can see they are very similar with corresponding toxi and corresponding toyi, except

that Eq. (3.18) has the probability and is written in matrix form. Therefore we can think of

(3.18) as a weighted least squares between a baseline mean vector and observation assumi

the variance of the error

(3.19)

with the probability . We may interpret as a sample count, or we even think

a weight which corresponds to  in Eq. (3.9).

O o1 o1 ... o, T, ,( )=

µ̂k Ck,( ) = Aµk b+ Ck,( ) 1 k K≤ ≤,

λ

ot µk µ̂k

Q γ t
k

K

∑ k( ) ot Aµk– b–( )TCk
1– ot Aµk– b–( )

t

T

∑=

γ t k( ) γ t s k,( )=

λ

µk ot

γ t k( )

µk ot Ck

ot Aµk b et t,+ + 1 2 ... N and k, , , , 1 2 ... K, , ,= = =

γ t k( ) γ t k( ) W γ t k( )Ck
1–=

wi
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3.3  Implementation of MLLR

To solve Eq. (3.18), we determine the partial delivatives with respect toA andb.

(3.20)

(3.21)

If the covariance matrix is diagonal as is commonly the case for speech recognition systems usin

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

(3.22)

(3.23)

Let’s consider only anrth component of the vectors andrth row of matrices in the above equations fo

simplicity.

(3.24)

(3.25)

Because only  is dependent on the variablet, we can rewrite Eqs. (3.24) and (3.25) as
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(3.26)

(3.27)

where is the accumulation of the probability and is th

weighted sample mean value of therth component of thekth Gaussian.

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

because they require much less computation. It is noted that is the same equation that we use fo

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

easy to implement.

It is interesting that Eqs. (3.26) and (3.27) are the same solutions for the weighted least squares b

a baseline mean vector and sample mean with weight . Considering all compo

of , we can say

(3.28)

where is the sample mean vector and is an error vector of the Gaussian mixture density. The

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

(Eq. (3.28)).

γ k( )
k

K

∑ σkr
2–

okr ar1 ar2 … arD

µk1
µk2

.
µkD

– br–

 
 
 
 
  µk1

µk2
.

µkD

T

0=

γ k( )
k

K

∑ σkr
2–

okr ar1 ar2 … arD

µk1
µk2

.
µkD

– br–

 
 
 
 
 

0=

γ k( ) γ t k( )
t

T

∑≡ okr γ t k( )otr
t

T

∑ 
 
 

γ t k( )
t

T

∑ 
 
 

⁄≡

okr

µk okr wk γ k( )σkr
2–=

okr r 1 2 ...,D, ,=,

ok Aµk b ek+ + k, 1 2 ... K, , ,= =

ok ek

µk ot µk ok



Chapter 3. Maximum Likelihood Linear Regression 33

least

e sim-

e base-

le mean

value

nition
3.4  Summary

In this chapter, we have reviewed classical linear regression and MLLR. We explained that the

squares estimation, the maximum likelihood estimation, and the estimation using correlation produc

ilar results. We showed that MLLR can be interpreted as a weighted least squares either between th

line mean vectors and the input feature vectors, or between the baseline mean vectors and samp

vectors. We also showed that we can compute the MLLR estimate efficiently by using a sample mean

for each Gaussian. In the following chapters, we will describe two new techniques to improve recog

accuracy in the MLLR framework.



Chapter 4. Principal Component MLLR 34

then

es of

btained

recog-

hieve

ture

rs to be

s. How-

their

se three

The

d vari-

eature

lasses

proach

mate
Chapter 4
Principal Component MLLR

4.1  Introduction

In MLLR adaptation, we first estimate the matrix and the vector from adaptation data, and

update the mean vectors using Eq. (3.16). If the amount of adaptation data is small then the estimat

and may not be reliable (or have large variances). In this case, even though the estimates are o

from adaptation data, they may not accurately describe the statistics of the test data, resulting in low

nition accuracy. Therefore we would like to obtain more reliable estimates of and . We may ac

this by reducing the number of parameters.

Galeset al. [17] constrained the transformation matrix to a block diagonal structure, with fea

components assumed to have correlation only within a block. This reduces the number of paramete

estimated. They used three blocks consisting of the static, delta, and delta-delta feature component

ever, the block diagonal matrices did not provide better recognition accuracy than the full matrix in

test. This is because they already had enough adaptation data to estimate the full matrix, or becau

blocks may not have been optimal.

Principal component analysis(PCA) [31] has been used to reduce the dimensionality of the data.

original data which consisted of interrelated variables are transformed into a new set of uncorrelate

ables by the eigenvectors of the covariance matrix of the original data set. Nouza [44] used PCA for f

selection in a speech recognition system. Kuhnet al. [34] introduced “eigenvoices” to represent the prior

knowledge of speaker variation. Hu [23] applied PCA to describe the correlation between phoneme c

for speaker normalization. While the general motivation for these approaches was similar to the ap

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

In this chapter, we will describeprincipal component MLLR(PC-MLLR) which applies PCA to the

MLLR framework to reduce the variance of the estimate of matrix . The main idea is that if we esti

A b

A

b

A b

A

A
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the matrix in the eigendomain, the variances of the components of the estimates are inverse prop

to their eigenvalues. Therefore we can select more reliable components to reduce the overall varian

this chapter we first review classical principal component regression and its application to MLLR. We

describe a refinement to the method which we refer to asweighted principal component MLLR(WPC-

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

4.2  Principal Component Regression

Principal component regression was developed in classical linear regression theory (e.g. [42, 43]). For

example, considerN pairs of samples (xi, yi), wherexi is aD-dimensional row vector, andyi and are

scalars. is assumed to have a Gaussian distribution with zero mean and variance . We assu

xi andyi are related by a linear regression vector  (the shift term is assumed to be zero for simpli

(4.1)

or

(4.2)

Letting be the orthonormal matrix (i.e. ) whose columns are the eigenvectors of th

correlation matrix , and be the diagonal matrix consisting of the corresponding eigenvalues

Defining the new variables  and , from Eq. (4.2), we obtain

A
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2
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.
.
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exN
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y X ax⋅ ex+=
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XTX( )VX VXΛX=

Z XVX= αx VX
T ax=
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rsely
(4.3)

or

(4.4)

The estimate for  is then

(4.5)

because

It is interesting to note that the variance of the individual components of the estimate is inve

proportional to the corresponding eigenvalues of  [42].

y XVX VX
T ax ex+⋅=

Z αx ex+⋅=

y1
y2
.
.
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z11 z12 … z1D
z21 z22 … z2D
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ZT y=

ΛX
1– ZT y=

ZTZ VX
T XT( ) XVX( )=

VX
T XTX( )VX⋅=

VX
T VXΛX⋅=

ΛX=

α̂x

XTX

α̂x ΛX
1– ZT y=
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(4.6)

Therefore,

If we assume  where  isN X N identity matrix,

or, for individual ,

(4.7)

For example, consider a case where a samplexi is a 2-dimensional vector (D = 2) in Eq. (4.1). We can

estimate the linear regression parameters in the original domain, and in the e

domain. Ifxi is distributed as in Fig. 4.1, which is associated with a larger eigenvalue, has a sm

variance than . Therefore, the estimate  is more reliable than the estimate .

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

obtain more reliable estimates overall by ignoring less reliable components and selecting only the tp <

D principal components. If and are sorted in descending order of the eigenvalues, we can p

first p components of  and . Eq. (4.4) then becomes

αx ΛX
1– ZTex+=

var α̂x( ) E α̂x αx–( ) α̂x αx–( )T{ }=

E ΛX
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Now we have only p parameters to estimate rather thanD parameters. After we estimate

from Eq. (4.8), we can transform to obtain

for the original linear regression. If we consider all the components of , fr

. obtained this way is same with obtained directly from Eq. (4.2) in the origi

domain. If we consider onlyp components, we can let

or

x1

Figure 4.1Distribution of xi samples in the original domain (x1, x2) and in the eigendomain (z1, z2)
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âxD

v11 … v1p
v21 … v2p
. … .
. … .

vD1 … vDp

α̂x1
.
.

α̂xp

=



Chapter 4. Principal Component MLLR 39

an

st

ly

ch

row
The subscript (p) denotes that only the principal components corresponding to thep largest eigenvalues are

used, so consists ofp eigenvectors in its column. The resulting will have smaller variance th

the estimate from conventional linear regression [42].

Even though choosingp < D components reduces the variance, it makes biased. Asp becomes

smaller, the bias becomes larger. The best value forp will depend on the eigenvalues. If the several large

eigenvalues are much larger than the others, thenp can be small. If the smaller eigenvalues have relative

large values thenp must be larger. We determine the bestp value in advance using development data whi

are similar to the actual test data.

4.3  Principal Component MLLR

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

previous section, except that we also consider thea posterioriprobability as well as the baseline

variance  and the shift vector .

Let’s consider an arbitraryrth component of an adapted mean vector and the corresponding

vector  of the matrix . From Eqs. (3.16) and (3.17),

(4.9)

From Eq. (3.18), if the covariance matrix  is diagonal withrth component ,

(4.10)
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As we explained in Section 3.3, we solve Eqs. (3.26) and (3.27) to estimate. Let

(4.11)

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

(4.12)

(4.13)

From Eq. (4.13),

(4.14)

or,

(4.15)

where  and  are weighted averages.

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

(4.16)
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(4.17)

where  (a scalar),  (aD dimensional vector).

Rewriting Eq. (4.13), we obtain

Because  is constant, this expression can be written

(4.18)

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

or

(4.19)

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

Let be aK dimensional diagonal matrix with elements , be aK dimensional vector with ele-

ments , and  be aK x D matrix with row .
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õkr
.
.
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(4.20)

or, the estimate  is given by

(4.21)

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

(4.22)

where  is aK dimensional error vector.

Let’s consider the eigenvectors and eigenvalues for the above case as we did in the previous s

Defining and as orthonormal and diagonalD x D matrices which contain the eigenvectors an

eigenvalues of ,i.e.

 and

Using the new variables  and , we can write Eq. (4.22) as

and write Eq. (4.21) as

This expression reduces to

(4.23)

We can calculate the variance of the estimate  in the same fashion as we did in the previous 
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âr
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Õr Ωαr er+=
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If we ignore the effect of different probability in , and assume

where  is a constant and  is theK x K identity matrix, the variance becomes

(4.24)

Therefore the variance of theith components of the estimate is approximately inversely proportiona

the corresponding eigenvalue of . As before, we can choose the largest prin

components to reduce the variances of the estimates.

Fig. 4.2 shows a comparison of the variance of and the eigenvalues obtained from actual da

eigenvalues are obtained from the baseline recognition model for the Wall Street Journal (WSJ) tas

inverses of the eigenvalues are shown in order of their magnitudes. The variances of the component

MLLR matrix are also obtained from the same task. We estimate single-class MLLR matrices in the e

domain from several different speakers and adaptation data, and calculate the variances of the com

of the estimates. The variances of each component of the row vector of the MLLR matrix are ave

over all the rows, and shown in the order of the corresponding eigenvalues. Both values are normal

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

MLLR matrix are indeed inversely proportional to their eigenvalues.
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It should be noted that the matrix includes the inverse variance as well as the probability

in Eq. (4.11). The variances are different for each differentrth component, so in principle different eigen

vectors should be used for the different row vectors of matrixA. Because the probabilities will chang

for different adaptation data, we should calculate new eigenvectors for each new speaker (or environ

However, the eigenvectors and eigenvalues from a small amount of adaptation data may not repre

statistics of the new speaker accurately. It also requires much computation because they need to b

culated for new adaptation data. Therefore, in this thesis, we pre-calculate the eigenvectors and ei

ues, and use them for all adaptation data. We also use the same eigenvectors for each different

matrixA for computational simplicity. We first calculate a global weighted covariance matrix
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using the Gaussian mixture weights in the baseline speech recognition system instead of . W

generate a single set of eigenvalues and eigenvectors from.

4.4  Weighted Principal Component MLLR

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

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

duce a modification referred to asWeighted Principal Component MLLR(WPC-MLLR) [12] in an attempt

to ameliorate this problem. WPC-MLLR applies weights to the MLLR estimates to reduce their m

square error.

Weighting thejth component of  by , we obtain

Considering Eq. (4.24), the mean square error of  is

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

(4.25)

Hence,  becomes

(4.26)

The weight approaches 1 for a large eigenvalue and approaches 0 for a small eigenvalu
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This is intuitively appealing because we would want to apply larger weights to components of

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

carding the less significant components of , we use all components but with weighting. Unfortun

we don’t know the correct value of the parameter . We may use the estimated value , or the a

value of from prior experiments. In our experiment we ignore the difference of , and calculat

weight

(4.27)

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

(4.28)

The value  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 eigenvectors using

(3) Estimate  in the eigendomain

(4) Apply the weights to ,i.e.  for

(5) Re-calculate the shift termbr with  using Eq. (4.15)

(6) Transform  into the original domain to produce the multiplication matrixA using

(7) Adapt the baseline mean vectors by using .

4.5  Experiments

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

the Telefónica, 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 th

uation. Table 4.1 summarizes the word error rates obtained for Spoke 3 non-native speakers (s3-94

each adaptation method. There are 10 speakers and about 20 test sentences each. For supervise

tion, 1 or 3 adaptation sentences are used for each speaker. The adaptation sentences are separate

the test data, and correctly transcribed by humans. The single-class full matrixA and shift vectorb are esti-

mated in MLLR because we use a small amount of adaptation data. The recognition tests are perfo

times for each speaker after adaptation with different adaptation sentences, and average word err

(WER) are shown in Table 4.1. In this experiment, PC-MLLR provides a relative improvement over

ventional MLLR of 4.5% with 1 adaptation sentence and 6.1% with 3 adaptation sentences. WPC-M

provides greater improvement than PC-MLLR, resulting in relative improvements of 10.0% for both

over conventional MLLR.

Fig. 4.3 depicts the word error rates (WER) plotted as a function of the number (p) of principal compo-

nents used in PC-MLLR. As expected, the WER for PC-MLLR decreases and then increases as the

of componentsp increases. Ifp is too small, the estimates become highly biased, producing high WER

Adaptation Method 1 Adaptation Sen-

tence

3 Adaptation

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)
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the number of components increases to 39 (i.e. ), the WER obtained with PC-MLLR increases

asymptoting to that obtained with conventional MLLR.

Fig. 4.4 plots the ratio of sum of thep largest eigenvalues to the sum of all 39 eigenvalues. The o

mum value ofp will depend on the eigenvalue spread. In this experiment, we get the best recognition

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

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-M

The weights are controlled by changing in Eq. (4.27). Fig. 4.6 describes the relative weights of

vector component for various values of . Larger weights are always applied to components corre

ing to larger eigenvalues (lower indices in Fig. 4.6). Fig. 4.5 shows a similar pattern to that of Fig. 4
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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 convent

MLLR as the weight becomes one (equal weights).

Table 4.2 summarizes the results for unsupervised adaptation with Spoke 3 data. In unsupervise

tation, the test data are used for adaptation along with the recognized transcripts by the baseline

Different number of sentences are used for adaptation. “1 test sentence” in Table 4.2 means that th

tation is performed using a 1 test sentence at a time, and recognized the sentence again using the

model. In “3 test sentences”, 3 test sentences are used at a time.
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WPC-MLLR in this case provides more improvements than in the supervised adaptation in Tabl

We think it is because conventional MLLR has larger variances of the estimates and provides highe

rates in unsupervised adaptation than in supervised adaptation. WPC-MLLR provides a smaller im

ment in the “20 test sentence” case than in the “1 or 3 test sentence” cases as conventional MLLR p

better accuracy in the “20 test sentence” case.

As noted in Section 4.3, we pre-calculated eigenvectors from the baseline recognition model a

the same eigenvectors for different speakers in these experiments. In other experiments using d

eigenvectors considering thea posterioriprobability from the adaptation data, we observed simi

or a little worse recognition accuracy. This may be because the adaptation data are insufficient to e

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 (

after supervised adaptation with 5 sentences. WPC-MLLR provides 6.0% of improvement in word

rate compared to conventional MLLR, which is less improvement than was observed for non-native s

Adaptation Method 1 Test

Sentence

3 Test

Sentences

20 Test

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)

γ k( )
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ers. We think that this is because native speakers are much closer to the baseline model than no

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 ada

on the acoustic models. When a larger language model weight is used, the word error rate for the b

model becomes 5.9%, and conventional MLLR provides 5.7% of word error rate. Unfortunately W

MLLR does not provide further improvement in our experiment. The language model may be too d

nant to get further improvement in this case.

4.5.3  The Telefónica (TID) Corpus

The experimental results with the TID data are summarized in Table 4.4. We cluster test data fo

speaker. Each speaker has 5.55 utterances on average, and each utterance is about 2-4 seconds lo

tation is done in unsupervised mode. In this task, the statistical significance test using tools develo

NIST [19] indicates that if two algorithms produce 0.2% absolute or larger difference in WER then

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

vides a further improvement over conventional MLLR.

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)
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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 hav

arate adaptation data. First the speech data are segmented automatically, and clustered into simila

tions. The adaptation is then done in unsupervised mode for each cluster. Table 4.5 shows the expe

results. Conventional MLLR provides only a 5.8% improvement over the baseline system, and W

MLLR does not provide further improvement. This may be because of several factors. This corpus is

more complex than the previous corpora, containing larger vocabulary, a mixture of different condi

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

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)

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 adap

(PC-MLLR). By eliminating highly variable components and choosing thep principal components corre-

sponding to the largest eigenvalues we can reduce the variance of the estimates and improve speec

nition accuracy. The best value forp depends on the eigenvalues. Choosing fewer principal compon

increases the bias of the estimates which can reduce recognition accuracy. To compensate for this p

we developed Weighted Principal Component MLLR (WPC-MLLR). We applied weights to the ML

estimates so that they minimize the mean square error. WPC-MLLR provided better WER than PC-M

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 describeinter-class MLLRwhich utilizes relationships among different transformatio

functions to achieve more reliable estimates of MLLR parameters across multiple classes with a

amount of adaptation data. We introduce theinter-class transformationwhich providesa priori knowledge

to relate transformation functions between the target and neighboring classes. The inter-class tran

tions modify the baseline mean vectors in the neighboring classes so that the adaptation of the neig

classes are formulated by the transformation function of the target class. Therefore several neigh

classes as well as the target class can be considered to estimate the transformation function of th

class. We apply this procedure to the MLLR framework and develop inter-class MLLR. This proce

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

As we explained in Chapter 2, conventional transformation-based adaptation typically proceeds

lows. The target parameters (Gaussian mean vectors in this thesis) are classified into transfor

classes. The target parameters in a transformation class are assumed to be updated by a same tra

tion function. A form for the transformation function is pre-chosen (usually a simple linear function).

parameters of the transformation function are then estimated for each class by using the adaptati

associated with the class. Finally, the model parameters in each class are modified by applying th

mated class-dependent transformation function to them. In this process, each class is considered i

dently and does not affect each other.

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

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

multiple classes) (Method II). For Method I we assume that all the Gaussian means are transf

to the adapted means  by a single transformation functionf(⋅):

µk( )

µ̂k( )
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(5.1)

For Method II we assume two functionsf1(⋅) andf2(⋅), one for each class:

(5.2)

(5.3)

If only a small amount of adaptation data is present, single-class adaptation (Method I) may be

effective than multi-class adaptation (Method II). With multi-class adaptation, we have a smaller am

of data available per class, so we may not obtain reliable estimates of the functionsf1(⋅) andf2(⋅). In single-

class adaptation, all data are used to estimate the functionf(⋅) so that function can be estimated more re

ably. However multi-class adaptation may be more effective than single-class adaptation, if enoug

are available to estimate the transformation function reliably for each class because the parameters

class are modified in a fashion that is appropriate for the individual class. Therefore there is a tra

between reliability of estimation versus detail with which the transformation is performed. The opti

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 conve

MLLR. He developed a binary regression class tree and dynamically selected the classes so that eith

class had sufficient data or the overall likelihood of the adaptation data was maximized. He also des

µ̂k f µk( ) k, all Gaussians∈=

µ̂k f 1 µk( ) k, Class 1∈=

µ̂k f 2 µk( ) k, Class 2∈=

Method IIMethod I

Class 1 Class 2f( )
f ( )1

f ( )2.
. .

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

(Method II)
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a method in which MLLR was applied to the root node and the sub-nodes of the regression class tre

tively. Chienet al. [9] described a hierarchical adaptation procedure that used a tree structure to cont

transformation sharing and to obtain reliable transformation parameters.

As we have noted above, new parameters are estimated independently for each class in conv

multi-class regression. Nevertheless, under many circumstances, estimation accuracy (and hence

tion accuracy) can be improved if information is shared across parameter classes. Correlations

model parameters (usually Gaussian mean vectors), for example, has been used by several researc

to improve estimation of parameter values with sparse data. Most previous work using parameter c

tion has been done within a Bayesian framework as described in Section 2.6. Within the MLLR fr

work, Bocchieriet al. [4] used correlation between the shift terms (i.e. the b term in ) to

refine further the transformation function. Correlation information was limited to the shift terms in

work, and the relation between the multiplication term (i.e. theA term in ) 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 p

eters. In the following sections, we will explain about using inter-class transformations asa priori knowl-

edge in transformation-based adaptation, then apply this idea on MLLR to obtain more reliable est

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

5.2  The Inter-class Transformation

In this section we introduce the inter-class transformation which relates transformation functions be

the target and neighboring classes. We explain the inter-class transformation using the example in t

vious section. We also illustrate the usage of the inter-class transformation by a series of simulation

artificial data.

Let us consider some of the issues involving inter-class relationships with transformation-based a

µ̂k Aµk b+=

µ̂k Aµk b+=
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2

by
tion using “Method II” in Fig. 5.1 as an example. Let’s think of estimatingf1(⋅) for Class 1 (the target

class). We assume there is a known relation between the two classes, which is given by theinter-class

transformation function g12(⋅), that we can rewrite the transformation of Class 2 (the neighboring class) in

Eq. (5.3) using the functionf1(⋅) of Class 1 and a modified Gaussian mean .

(5.4)

We can say that the two functionsf1(⋅) and f2(⋅) are related by the inter-class transformationg12(⋅) as

shown in Fig. 5.2. Since the transformation for Class 2 is now formulated byf1(⋅), data from Class 2 can

contribute to the estimation off1(⋅). Therefore we can estimatef1(⋅) using all the data from Classes 1 and

with Eqs. (5.2) and (5.4).

This approach can also be applied to the estimation of the functionf2(⋅) of Class 2 (Now this isthe tar-

get class). In this case we use theinter-class transformation function g21(⋅) which modifies the baseline

mean vectors in Class 1 (the neighboring class) so that the adaptation for Class 1 can be formulated

f2(⋅), i.e. for ,

(5.5)

µk
12( )

g12 µk( )≡

µ̂k f 1 µk
12( )( ) k, Class 2∈=

Figure 5.2 A baseline mean vector is transformed to an adapted mean vector byf2(⋅), or the combination

of g12(⋅) andf1(⋅). We can say thatf1(⋅) andf2(⋅) are related by inter-class transformationg12(⋅).

Baseline meanµk µ̂k

µk
12( )

Adapted mean

 f2(⋅)

 f1(⋅)g12(⋅)

µk
21( )

g21 µk( )≡

µ̂k f 2 µk
21( )( ) k, Class 1∈=
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Now we can estimatef2(⋅) using all the data from Classes 1 and 2 with Eqs. (5.3) and (5.5).

The functionsf1(⋅) andf2(⋅) estimated by this method will be more reliable than those estimated by c

ventional multi-class methods because more adaptation data are used. They also provide more e

adaptation to each class than the class-independent functionf(⋅) used in Method I because while the adap

tation is primarily based on observations within a given class, it benefits from relevant information

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

Before adaptation, multiple transformation classes are defined, and the inter-class transformatio

tions are estimated using training data. In adaptation, the model parameters (Gaussian mean vecto

above example) in a target class are used as is, and the model parameters in otherneighboringclasses are

modified by the inter-class transformation functions. The incoming adaptation data from all class

then combined to estimate the transformation functions for the target class. This process is repeate

other target classes.

In this process, the number of neighboring classes to be used depends on the amount of adaptat

The neighboring classes are ranked in order of their “closeness” to the target class. Adaptation data ar

selected from classes of decreasing proximity to the target class until there are sufficient data to e

the target function. If only a very small amount of data is available, then all neighboring classes m

used. As more data becomes available the number of neighboring classes used declines. In the

neighboring classes are used, and inter-class adaptation asymptotes to conventional multi-class ad

Choosing the identity function as the inter-class function is equivalent to conventional single-class a

tion.

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

shown in Fig. 5.3. There are two sets of sample pairs, (x1i, y1i) shown as an ‘o’ for Class 1, (x2i, y2i) shown

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

y1i f 1 x1i( ) a1x1i b1 for Class 1,+= =

y2i f 2 x2i( ) a2x2i b2 for Class 2,+= =
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We would like to estimate the regression functionsf1(⋅) andf2(⋅) using the available samples. If all the sam

ples from Class 1 and Class 2 are considered together as a single class, then a single functionf(⋅) will be

given as Fig. 5.3 (b). We can see that the estimates of (a, b) are different from both (a1, b1) and (a2, b2).

If inter-class relationships are considered, better estimates can be obtained. Let’s assume that thinter-

class transformation function g12(⋅) is known to be in the form of a linear regression.
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Figure 5.3 Simulations of linear regression (a) Original Class 1 and Class 2, (b) Single class, (c) Inter-clas

transformation for Class 1 (Class 2 samples are moved), (d) Inter-class transformation for Class 2 (Class

samples are moved)

x

y

x

xx

y

y

y

y1i = a1x1i + b1

y2i = a2x2i + b2
yi = axi + b

y1i = a1x1i + b1

y2i = a2x2i + b2

(a) (b)

(c) (d)

(Class 1)

(Class 2)

y1i f x1i( ) ax1i b1 for Class 1,+= =

y2i f x2i( ) ax2i b2 for Class 2,+= =
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Thenx2i in Class 2 is transformed to as shown ‘x ’ in Fig. 5.3 (c), andf1(⋅) can be estimated using al

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

sion line in Fig. 5.3 (a). The estimation off2(⋅) can be done in same way. Nowx1i is transformed to

by g21(⋅) as shown ‘*’ in Fig. 5.3 (d).

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 da

assume that there are 5 classes and that each class has 5 Gaussians. We have adaptation samples

Gaussians whose mean values are related to the original mean values by linear regression (LR) with

inter-class functions. New Gaussian mean values were estimated using linear regression for the c

tional single-class and multi-class adaptation procedures, as well as for inter-class adaptation. We

lated the mean square estimation error (MSE) as a function of the number of available samples. As

seen in Fig. 5.4, the inter-class LR always provides lower MSE than the other methods in this simu

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

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

Variables Values Variables Values

a1 2 b1 1

a2 0.5 b2 0

t12 0.25 d12 -0.5

t21 4 d21 4

Table 5.1 The actual values used in the simulation in Fig.5.3

x2i
12( )

g12 x2i( ) t12x2i d12+= = for Class 2,

x2i
12( )

x1i
21( )

x1i
21( )

g21 x1i( ) t21x1i d21 for Class 1,+= =
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5.3  Inter-Class MLLR

We apply the method described in the previous section to the MLLR framework, and develop a new

tation procedure which is calledinter-class MLLR[13]. In inter-class MLLR the inter-class transformatio

is given by another linear regression. The inter-class transformation providesa priori knowledge among

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

Consider multi-class MLLR where we try to estimate the MLLR parameters(Am, bm) for the regression

classm. In this section we first explain how to estimate(Am, bm) using the inter-class transformations. W

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

imental results to evaluate inter-class MLLR.
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Figure 5.4 Mean-square errors from simulated estimates of Gaussian means using single-class, multi-cla

and inter-class LR.
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re
5.3.1  Estimation of the MLLR Parameters (Am, bm)

In this subsection we explain how to estimate the MLLR parameters (the multiplication matrixAm and the

shift vectorbm) for a regression classm (the target class) assuming the inter-class transformations a

known.

Let’s first consider conventional multi-class MLLR. We estimate the MLLR parameters(Am, bm) using

the following equation with adaptation data from the classm only.

(5.6)

As shown in Section 3.2, (Am, bm) are estimated by maximizing the likelihood in Classm, or minimizing

.

(5.7)

where is thea posterioriprobability,ot is the input feature vector at timet (adaptation data), andCk

is the covariance matrix of Gaussiank.

Consider the neighboring class . In conventional MLLR, the MLLR classn has its own MLLR

parameters (An, bn) which are independent of the target classm.

(5.8)

In inter-class MLLR, we assume that the inter-class transformation functiongmn(⋅) is given by a second

linear regression with (Tmn, dmn), which relates the neighboring classn to the target classm with the mod-

ified mean vector .

(5.9)

Rewriting Eq. (5.8) with  and the MLLR parameters (Am, bm) of the target classm, we assume

µ̂k Amµk bm k Classm∈,+=

QC m( )

QC m( ) γ t k( ) ot Amµk– bm–( )TCk
1– ot Amµk– bm–( )

t
∑

k Classm∈
∑=

γ t k( )

n m≠

µ̂k Anµk bn k Classn∈,+=

µk
mn( )

µk
mn( ) Tmnµk dmn k Classn∈,+≡

µk
mn( )

µ̂k Am Tmnµk dmn+( ) bm+=
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(Am, bm) are the unknown parameters in Eq. (5.10). They can be estimated from the neighboring cn

using  which is similar to  except  and the classn.

(5.11)

Now, considering and ,(Am, bm) are estimated by maximizing the overall likelihoo

from the target classm and neighboring classesn, or by minimizing .

(5.12)

or,

(5.13)

where is the contribution of the target classm, and is the contribution of the neighboring

classn. This enables us to obtain more reliable estimates of (Am, bm) while preserving the characteristics o

the target classm.

5.3.2  Estimation of the Inter-Class Transformation Parameters (Tmn, dmn)

In the previous subsection we assume that the inter-class transformation parameters (Tmn, dmn) are known.

(Tmn, dmn) can be estimated from training data before adaptation. In this subsection we explain how t

mate (Tmn, dmn).

Let (Am,s, bm,s) be the speaker-dependent MLLR parameters and be the adapted mean vec

Amµk
mn( ) bm+= k Classn∈

Qn m( ) QC m( ) µk
mn( )

Qn m( ) γ t k( ) ot Amµk
mn( )– bm–( )

T
Ck

1– ot Amµk
mn( )– bm–( )

t
∑

k Classn∈
∑=

QC m( ) Qn m( )

QI m( )

QI m( ) γ t k( ) ot Amµk– bm–( )TCk
1– ot Amµk– bm–( )

t
∑

k Classm∈
∑=

γ t k( ) ot Amµk
mn( )– bm–( )

T
Ck

1– ot Amµk
mn( )– bm–( )

t
∑

k Classn∈
∑

n Neighbors∈
∑+

QI m( ) QC m( ) Qn m( )
n Neighbors∈

∑+=

QC m( ) Qn m( )

µ̂k s,
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(5.14)

We assume that there are several training speakers with sufficient data to obtain reliable estimates oAm,s,

bm,s) for each regression classm and the training speakers. The MLLR parameters (Am,s, bm,s) are first

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

eters (Tmn, dmn) are then estimated using (Am,s, bm,s).

Rewriting (5.10) for the training speakers, we obtain

(5.15)

where (Am,s, bm,s) are known parameters. Moving (Am,s, bm,s) to the left-hand side, and defining

(5.16)

Eq. (5.15) becomes

(5.17)

If we let be the adapted mean vector for the training data from speakers, then will be

the adapted mean vector for the modified training data . Eq. (5.17) can be co

ered as conventional MLLR for with the MLLR parameters (Tmn, dmn). Therefore (Tmn, dmn) can be

estimated using conventional MLLR, or by minimizing  with all training speakers’ data.

(5.18)

(Tmn, dmn) are estimated for each the target classm and the neighboring classn. In this procedure, we

assume that the baseline variances are unchanged. These (Tmn, dmn) providea priori knowledge between

the target classm and the neighboring classn independent of speaker. Once (Tmn, dmn) are estimated, they

µ̂k s, Am s, µk bm s, k Classm∈,+=

µ̂k s, Am s, Tmnµk dmn+( ) bm s, k Classn∈ s Training speakers∈, ,+=

µ̂k s,
mn( ) Am s,

1– µ̂k s, bm s,–( )≡

µ̂k s,
mn( ) Tmnµk dmn k Classn∈ s Training speakers∈, ,+=

µ̂k s, ot s, µ̂k s,
mn( )

ot s,
mn( ) Am s,

1–
ot bm s,–( )≡

ot s,
mn( )

QT mn( )

QT mn( ) γ t s, k( ) ot s,
mn( ) Tmnµk– dmn–( )

T
Ck

1– ot s,
mn( ) Tmnµk– dmn–( )

t
∑

k Classn∈
∑

s
∑=
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are used in Eqs. (5.9) and (5.13) for adaptation to a new speaker.

(Tmn, dmn) can also be estimated in different way. Let (Tmn,s, dmn,s) be the speaker-dependent inter-cla

transformation parameters for a training speakers. (Tmn,s, dmn,s) are estimated in the same way as abov

except that the training data are used only from a single speakers, not from all training speakers. The

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

(5.19)

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 Jo

(WSJ) evaluation as before. There are 10 non-native speakers with 20 test sentences each. The rec

tests were performed four times with different adaptation data from each speaker. Table 5.2 shows

phonetic-based regression classes used for inter-class MLLR, which are similar to those used by Le

[39]. The recognition models for silence and noise are not considered for adaptation. The inter-class

formation functions were trained using adaptation data from other 9 test speakers (s3_9) using Eq.

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

regression parameters  and  in Eq. (5.15) before  and  are estimated.

Table 5.3 and Fig. 5.5 summarize the word error rates (WER) obtained using the three types o

class MLLR along with conventional single-class MLLR in supervised adaptation. is assumed to

full matrix (which allows the parameters to be rotated, scaled, and shifted), diagonal matrix (which a

them to be scaled and shifted only), or the identity matrix (which allows them to be shifted only). The

vector is used in all three cases. However, the full matrixA and shift vectorb are used in all cases, for

both conventional and inter-class MLLR. All the neighboring classes are considered in estimating ea

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

phones are not adapted in these experiments.

Tmn dmn,( ) average
s All speakers∈

Tmn s, dmn s,,( )=

Am s, bm s, Tmn dmn

Tmn

dmn
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Inter-class MLLR with a full matrix and shift vector reduces the WER by 15.4% with

adaptation sentence and 15.2% with 3 adaptation sentences over conventional MLLR, which is g

than the reduction from other types of inter-class MLLR. These improvements are statistically signi

according to the matched pair sentence segment (word error) test from NIST [19]. The improvem

WER from adaptation is less than that reported by other sites in the 1994 DARPA evaluation prim

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

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)

Tmn dmn
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Adaptation Method
1 Adaptation

Sentence

3 Adaptation

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 M

(Relative percentage improvement over conventional MLLR is shown in parenthesis)
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Figure 5.5 Word error rates for non-native speakers (s3-94) after supervised adaptation using inter-cla

MLLR
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Table 5.4 shows word error rates for unsupervised adaptation. The transcripts of the test data as

nized by the baseline system are used for adaptation. The number of the test sentences used in the

iments are same as those used in the previous chapter. Again inter-class MLLR provides 10.1 to 19

relative improvement in word error rate over conventional MLLR.

As we described in Subsection (5.3.2), (Tmn, dmn) can also be estimated by averaging speaker-dep

dent (Tmn,s, dmn,s). Using inter-class MLLR with the speaker-averaged full matrixTmnand the shift vector

dmn results in a WER of 20.7% for 1 adaptation sentence and 19.9% for 3 adaptation sentences. T

little worse than the result in Table 5.3 which used inter-class transformation obtained from Eq. (5.1

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 Journ

(S0-94) in the same fashion as we did in the previous chapter. The inter-class transformations are

using 25 native speakers from the standard WSJ training corpus (wsj-25). Inter-class MLLR with

matrix and shift vector provides 3.8% of improvement in word error rate as shown in Table 5.5, wh

similar to the result obtained with PC-MLLR.

Adaptation Method
1 Test

Sentence

3 Test

Sentences

20 Test

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 M

(Relative percentage improvement over conventional MLLR is shown in parenthesis)
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The improvement is much smaller than the case of non-native speakers, and different forms of

class MLLR provide similar results. Note again that a small language model weight is used for the

data to emphasize the effect of adaptation on the acoustic models as in PC-MLLR. When a larger la

model weight is used, inter-class MLLR does not provide improvement over conventional MLLR

before.

5.4  Enabling Unequal Contributions from Neighboring Classes

In this section we describe two methods to consider the different contributions from the neighb

classes [14]. One is to apply weights to the neighboring classes. Another is to limit the number

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

Adaptation Method
5 Adaptation

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 M

(Relative percentage improvement over conventional MLLR is shown in parenthesis)
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class. In this procedure, some neighboring classes may be“closer” to the target class than other neighbo

ing classes. Therefore it may be helpful to apply different weights to the various neighboring clas

accommodate their different contributions to the target class.

We use estimation error as a measure of “closeness”. As we explained in Chapter 3, we can think o

MLLR as a weighted least squares estimation between a baseline mean vector and the input

vector (or adaptation data) . Considering Eq. (3.19) , we can rewrite Eq. (5.10

speakers as

(5.20)

where is the linear approximation error observed for Gaussiank of classn and speakers using the

parameters (Am,s, bm,s). A large error means that neighboring classn is not helpful in estimating the targe

class parameters (Am,s, bm,s), or that neighboring classn is not “close” to the target class.

In the training corpus, we know the correct (Tmn, dmn) and (Am,s, bm,s) for each training speakers, so

 is easily calculated for each timet.

(5.21)

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

timated in regular retraining [47]. For Gaussiank and classesm, n, the variance of the error is

(5.22)

where is thea posterioriprobability of being in Gaussiank at timet, and is the mean of the

error for Gaussiank and classesm andn, both for speakers. We assume is diagonal. We also est
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Recalling the weighted least squares estimation in Chapter 3, this variance can be used as a w

inter-class MLLR instead of the variance of the Gaussian mixture of the baseline model. With this as

tions Eq. (5.13) which estimates (Am, bm) becomes as follows.

(5.24)

Since the inverse of the variance is used as the weight, a Gaussian with a large variance of the est

error will get a small weight. The variance can also be used to sort neighboring classes, in choosing

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

so we estimate the average ratio of the baseline variance to the variance of the error for classesm andn.

The ratios  for the target classm, and  for the neighboring classn become

(5.25)

(5.26)

where , , and  are the diagonal elements of , , and , respectively.

The weights  and  are combined as follows.

(5.27)
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Table 5.6 and 5.7 show the word error rates after applying weights with Eq. (5.27) for supervise

unsupervised adaptations. The supervised adaptation shows a small improvement (0.8 to 1.3% r

over inter-class MLLR without weights in Table 5.3. However the improvements are statistically insig

cant because the amount of the test data was small.

Adaptation Method
1 Adaptation

Sentence

3 Adaptation

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

(full + shift)
20.2% (16.2%) 19.3% (16.5%)

Table 5.6 Word error rates for non-native speakers (s3-94) after supervised adaptation using inter-class M

with weights (Relative percentage improvement over conventional MLLR is shown in parenthesis)

Adaptation Method
1 Test

Sentence

3 Test

Sentences

20 Test

Sentences

Conventional MLLR (one class) 26.7% 25.9% 23.9%

Inter-class MLLR without weights

(full + shift)
24.0% (10.1%) 20.9% (19.3%) 20.1% (15.9%)

Inter-class MLLR with weights

(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 M

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

for 1 test sentence case, and was helpful for 20 test sentence case. We speculate that the limited b

unsupervised adaptation is a consequence of transcription errors by the baseline system. In othe

unsupervised adaptation needs more smoothing than supervised adaptation to average out the

incorrect transcriptions. The application of weights, that are smaller weights for the neighboring c

than for the target class, enables unsupervised adaptation to focus on the target class and result

smoothing. It also reduces the effective amount of input data (because the contributions of neigh

classes are multiplied by their weights). This could be a problem especially when the amount of the

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 am

adaptation data. As we have more adaptation data, we can use fewer neighboring classes for a targ

For a large amount of adaptation data, we may not use any neighboring class, and inter-class ada

becomes the same as conventional multi-class adaptation.

The variance of the error obtained from Eq. (5.22) is used to measure the closeness of nei

ing classn to the target classm. For each target class, neighboring classes are sorted according to their

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

then from the next closest neighboring class until sufficient data are used. We can consider

(5.27) as an effective count of adaptation data. We set a threshold and accumulate until it ex

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

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

supervised adaptation. The value next to each data point is the average number of classes used to

C
ek

mn( )

wmnγ t

wmnγ t
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the MLLR parameters of the target class. For a very small threshold, only 1 class (target class its

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

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

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

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

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

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

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

data are sufficient with a small number of classes, and adding more adaptation data from “farther” classes

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

MLLR classes are contributing to the parameter estimates.
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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.
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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 thequality of the inter-class transformation. If the

inter-class transformation does not match to the characteristics of the test data, it may not be helpfu

5.8 shows the word error rates for the inter-class transformation functions trained from different dat

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

First we train the inter-class transformation functions using 25 native speakers from the standar

training corpus (wsj_25). It provides 22.0% and 21.1% of WER which is higher than the previous re

(20.4% and 19.6% of WER) in Table 5.3 where the inter-class transformation functions are trained

other test speakers (s3_9). We think it is because s3_9 (non-native speakers) has closer characteris

test data than wsj_25 (native speakers).

As a side experiment, we performed inter-class MLLR using only 1 or 3 adaptation sentence

obtaining estimates of (Tmn, dmn) using a large amount of adaptation data (200 sentences) from the s

speaker (s3_1) with the test data for each speaker. It provides very good WER because the inter-clas

formation (Tmn, dmn) can provide a gooda priori knowledge for the test speaker.

Adaptation Method
1 Adaptation

Sentence

3 Adaptation

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 “oracle” experiment because we use the information of the test speaker identity w

may not be known in an actual application. The inter-class transformation (Tmn, dmn) in the previous sec-

tion does not use the information of the speaker identity (speaker independent). The test speaker is

mally available to train adaptation parameters, but in circumstances where he or she is, subs

improvements in accuracy can be obtained. One approach to improved recognition accuracy may be

pare several sets of inter-class transformations representing different type of speakers, and sele

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

vided a good improvement in WER. We also performed experiments to combine inter-class MLLR

WPC-MLLR.

We first transformed the baseline mean vectors using the inter-class transformation as Eq. (5.9). W

calculated eigenvalues and eigenvectors from the transformed mean vectors, and applied WPC-

However this does not provides further improvement. We notice that the distribution of the eigenv

becomes compact in this case,i.e. the ratio of the biggest eigenvalue and smallest eigenvalues from

transformed mean vectors becomes much smaller than that from the baseline mean vectors, from ab4

to 102. 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 m

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

(2.1), the new adapted mean  can be written as an MAP-like combination [11].µ'ˆ k
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where is a sample mean, is an adapted mean from inter-class MLLR, is the interpolation f

Instead of using variances to calculate as shown in Eq. (2.1), we use the parametersk1 andk2 parameters

assuming the variances of the estimates and are inverse proportional to the amount of the ada

data.

(5.29)

whereN1 is the effective number of data for andN2 is the effective number of data for . The optima

k1 andk2 can be found from prior experiments.

As Table 5.9 shows the MAP-like combination provides a good improvement with 200 adaptation

tences. Combining with the sample mean will improve asymtotic property. However this method wi

be useful when the amount of adaptation is very small because, in this case, the sample mean wil

reliable.

Adaptation Method
200 Adaptation

Sentence

Inter-class MLLR

(all neighboring classes)
19.8%

Inter-class MLLR

(limited number of neighboring classes)
17.7%

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

µ'ˆ k βµk 1 β–( )µ̂k+=
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We can also apply MAP-like combination of the adapted mean and the baseline mean ,

may improve the reliability of the final adapted mean  for very small amount of adaptation data.

(5.30)

We can even think of MAP-like combination of all three means: baseline mean , sample mean

adapted mean  from inter-class MLLR.

(5.31)

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

and  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 thesi

use pre-clustered phonetic-based MLLR classes. If we can find better clustering, we may improve re

tion accuracy.

A large number of the classes will provides more details of Gaussian mean vectors at the expe

more computation. It also requires more training data to get good estimates of the inter-class trans

tion functions. Therefore we should choose a proper number of the classes for a given application.

experiments using 2 MLLR classes, inter-class MLLR provides 24.2% of WER for 1 adaptation sen

case, and 21.5% of WER for 3 adaptation sentence case (supervised adaptation). It is worse than th

(full + shift) in Table 5.3 which use 14 MLLR classes.

µ̂k µk

µ''ˆ k
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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 a

eral mixed conditions. We trained the inter-class transformation functions from baseline broadcast

(clean+native+prepared) because this speech has enough training data. In out experiments, in

MLLR does not provide improvement over conventional MLLR, as was the case for WPC-MLLR

seems that inter-class MLLR is also less effective on a complex task. Because we trained the inte

transformation from baseline broadcast speech, it may not be good for other conditions (noisy, non-

spontaneous, band-limited). For baseline broadcast speech, conventional MLLR may capture mos

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 calledinter-class MLLR. It utilizes relationships

among different classes to achieve both detailed and reliable adaptation with limited data. In this m

the inter-class relation is given by another linear regression which is estimated from training data.Wh

estimate MLLR parameters of a target class for test speech, we first transform the baseline mean ve

neighboring classes using inter-class regression so that they can contribute to the estimation. We c

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

we can apply weights to the neighboring classes that consider their differences. We measure est

errors for the target class parameters in the neighboring classes, and use the inverse of the varianc

estimation error as the weight. A neighboring class with a large variance of the error will get a

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

As we have more adaptation data, we can rely on fewer neighboring classes for a target class

large amount of adaptation data, we may not need any neighboring class, and inter-class ada

becomes the same as conventional multi-class adaptation.
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The inter-class transformation representsa priori 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

provides further improvement in our experiments. In this case, the smallest eigenvalue becomes larg

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 mea

inter-class MLLR to get better recognition accuracy. Clustering regression classes is also importa

did not achieve a further improvement on broadcast news task (Hub 4) with inter-class MLLR. These

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, usu

using a small amount of adaptation data. In transformation-based adaptation, the recognition model

eters are clustered into transformation classes and several parameters in a transformation class are

to be updated by the same transformation function. The transformation function is estimated fro

adaptation data from the transformation class. Since transformation classes are considered indepe

it is difficult to achieve reliable estimates of the transformation functions across multiple classes w

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

Maximum likelihood linear regression (MLLR) is currently one of the most popular speaker-adapt

technique. It assumes that the baseline mean vectors are transformed to adapted mean vectors

regression. We have noted that MLLR can be considered as the weight least squares either betw

baseline mean vectors and the input feature vectors, or between the baseline mean vectors and th

mean vectors.

In this thesis we have tried to improve speech recognition accuracy by obtaining better estimat

linear transformation functions with a small amount of adaptation data in speaker adaptation. The

contributions of this thesis are the developments of two new adaptation algorithms to improve max

likelihood linear regression. The first one is calledprincipal component MLLR(PC-MLLR), and it reduces

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

called inter-class MLLR,and it utilizes relationships among different transformation functions to achi

more reliable estimates of MLLR parameters across multiple classes. In the following subsections w

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 variance

the components of the estimates are inversely proportional to their eigenvalues. Therefore we can

more reliable components to reduce the variances of the resulting estimates and to improve speech

tion accuracy. PC-MLLR eliminates highly variable components and chooses the principal compo

corresponding to the largest eigenvalues. If all the component are used, PC-MLLR becomes the s

conventional MLLR. Choosing fewer principal components increases the bias of the estimates whi

reduce recognition accuracy. To compensate for this problem, we developedweighted principal component

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

are used after applying weights that minimize the mean square error. The component correspond

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

because the estimates using conventional MLLR become more reliable. However, if we have a

amount of adaptation data, we would use a larger number of MLLR classes, making the amount of a

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 W

MLLR provided further improvement. However, they do not provide improvement over conventi

MLLR on a complex task like the DARPA broadcast news. These methods seems to be more ef

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

available. Most previous studies use correlations or regression models among the recognition

parameters in a Bayesian framework. In this thesis, inter-class MLLR utilizes relationships among

ent transformation functions. Inter-class transformations given by linear regressions are used to mod
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baseline mean vectors in the neighboring classes so that the neighboring classes can contribute to

mates the MLLR parameters of the target class. If the inter-class transformations are identity func

inter-class MLLR becomes the same as conventional single-class MLLR. This idea also can be app

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 proc

some neighboring classes may be closer to the target class than other neighboring classes. There

apply different weights to the neighboring classes to accommodate their different contributions to th

get class. Considering the weighted least squares estimation, the weight for each neighboring c

inversely proportional to the variance of the error that is produced in estimating the target param

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 cl

a large amount of adaptation data, we may not use any neighboring class at all. In this case inte

adaptation becomes the same as conventional multi-class MLLR. To limit the number of neighb

classes, the neighboring classes are sorted for each target class according to their variances of th

Adaptation data from the closest neighboring class are used first, then from the next closest neigh

class until sufficient data are used.

In our experiments, inter-class MLLR also provides improvements in recognition accuracy compa

conventional MLLR. Inter-class MLLR provides greater recognition accuracy than WPC-MLLR in su

vised adaptation. In unsupervised adaptation, however, inter-class MLLR is worse with a very

amount of test data, and becomes better with more test data. We believe that WPC-MLLR is more ef

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 vec

using inter-class transformations, and then using WPC-MLLR. However, this combination did not pr

further improvement in accuracy. We believe that the benefits of WPC-MLLR become smaller after

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 speake

tation. We think that the following areas need further study for better understanding of the problem

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 sp

independent prior information. These transformations are applied to all test speakers, assuming that

speakers have the same statistics as the training data. However each test speaker may have differe

tics. As in the case of any other procedure based ona priori information, these transformations may not b

helpful if the test speaker has different statistics from the training speakers. Our experiments show t

inter-class transformations from training speakers that are similar to the test speakers provide bette

nition accuracy than transformations from training speakers with much different statistics. It is

observed that the inter-class transformations from the same speaker with the same test speaker pro

best recognition accuracy.

Therefore we may build several sets of the inter-class transformations which can represent a va

test speakers, and select an appropriate set of the inter-class transformations for a test speaker. We

modify the inter-class transformations so that they better represent the statistics of the test speaker.

procedure we will need to estimate or predict the characteristics of the test speaker. Similar topic

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 d

tages. Neighboring classes are helpful because they add more data for the estimation, but they are n
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ful if they have different statistics from those of the target class. If the disadvantages are bigger th

advantages then it is better not to include the neighboring class. In Section 5.4 we described how

choose a smaller number of neighboring classes as we obtain more adaptation data. We also de

application of weights to the neighboring classes to incorporate the differences of their contributions

target class. We can consider discarding a neighboring class as applying zero weight to it. We may fi

ter weights which can automatically control this procedures to select the neighboring classes. Howev

better weights may not provide much further improvements in WER as the application of weights i

experiments provided the minor improvements.

6.2.3  Other Issues

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

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 furthe

improvement by combining WPC-MLLR and inter-class MLLR. However we still think it is possible

improve recognition accuracy by applying these methods together.

Combination of inter-class MLLR and sample mean:We obtained a large improvement in recogn

tion accuracy by combining the adapted means from inter-class MLLR with the sample means w

larger amount of adaptation data is available. We used MAP-like interpolation for this combination

may find a better model to combine the adapted means from inter-class MLLR with the baseline mea

the sample means.

Clustering of MLLR classes: In our experiments we used pre-determined MLLR classes. We m

achieve better recognition accuracy with more MLLR classes at the expense of more computation. W

control the number of the MLLR classes dynamically for a new task or system. Finding a better me

cluster the MLLR classes also needs further study.
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Application to more complex tasks:We achieved improvements in recognition accuracy mainly

non-native speakers in a relatively simple task. Further work is needed to get a better understanding

nature of problem of a complex task like the DARPA broadcast news, and to achieve improvement

ognition accuracy.

Testing with other sources of degradation:In this thesis we focused on adaptation for differe

speakers. Further study is needed to evaluate the effects of the algorithms developed on other so

degradation. We believe that different microphones and channels have similar effects as different sp

However background noise may be different.

6.3  Conclusions

In this thesis, we developed two new adaptation algorithms to improve speech recognition accur

maximum likelihood linear regression. The first one is calledprincipal component MLLR(PC-MLLR), and

it reduces the variance of the estimate of the MLLR matrix using principal component analysis. The

ond one is calledinter-class MLLR,and it utilizes relationships among different transformation functio

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

Inter-class MLLR requires training data to estimate inter-class transformations, while principal co

nent MLLR does not. We may improve recognition accuracy further in inter-class MLLR by obtaining

ter inter-class transformations for the test data. We may also improve recognition accuracy by com

the inter-class MLLR and principal component MLLR. The developed methods are aimed for the

when only a small amount of adaptation data is available. For a larger amount of adaptation data,

combine the adapted means from these methods with the sample means to get further improvemen

ognition accuracy.
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