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Abstract

Linear transforms have been used extensively for both training and adaptation of
Hidden Markov Model (HMM) based automatic speech recognition (ASR) systems.
Two important applications of linear transforms in acoustic modeling are the decor-
relation of the feature vector and the constrained adaptation of the acoustic models
to the speaker, the channel, and the task.

Our focus in the first part of this talk is the development of training methods
based on the Maximum Mutual Information (MMI) and the Maximum A Posteriori
(MAP) criterion that estimate the parameters of the linear transforms. We integrate
the discriminative linear transforms into the MMI estimation of the HMM parame-
ters in an attempt to capture the correlation between the feature vector components.
The transforms obtained under the MMI criterion are termed Discriminative Likeli-
hood Linear Transforms (DLLT). Experimental results show that DLLT provides a
discriminative estimation framework for feature normalization in HMM training for
large vocabulary continuous speech recognition tasks that outperforms its Maximum
Likelihood counterpart. Then, we propose a structural MAP estimation framework
for feature-space transforms. Specifically, we formulate, based on MAP estimation, a
Bayesian counterpart of the Maximum Likelihood Linear Transforms (MLLT). Prior
density estimation issues are addressed by the use of a hierarchial tree structure in
the transform parameter space.

In the second part we investigate the use of heterogeneous data sources for acous-
tic training. We propose an acoustic normalization procedure for enlarging an ASR
acoustic training set with out-of-domain acoustic data. The approach is an appli-
cation of model-based acoustic normalization techniques to map the out-of-domain
feature space onto the in-domain data. A larger in-domain training set is created
by effectively transforming the out-of-domain data before incorporation in train-
ing. We put the cross-corpus normalization procedure into practice by investigating
the use of diverse Mandarin speech corpora for building a Mandarin Conversational
Telephone Speech ASR system. Performance is measured by improvements on the
in-domain test set.
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Chapter 1

An Overview of Automatic Speech

Recognition (ASR)

This chapter gives an overview of Automatic Speech Recognition (ASR) systems
and introduces the concept of linear transforms along with their elementary prop-
erties. We will also introduce terminology that will be used throughout the rest of

this thesis.

1.1 The Speech Recognition Problem

The goal of an Automatic Speech Recognition (ASR) system is to transcribe
speech to text. The speech recognition problem can be described using the source-
channel framework as shown in the schematic diagram of Figure 1.1. Under this
framework, a spoken string W of words is generated by the vocal apparatus of the
speaker and, subsequently, passes through an acoustic channel. The acoustic channel
consists of two parts: the acoustic processor and the linguistic decoder. The acoustic
processor (front end) uses signal processing techniques to extract important features
from the speech signal and transform it into a sequence of real-valued vectors O
(referred as feature or observation vectors). The task of the linguistic decoder is to
recover the original word sequence W from the noisy feature sequence O. In order to
do this, the decoder uses the feature vectors and a stochastic model of the acoustic

channel and outputs a word string W*.
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Figure 1.1: Source-channel representation of the speech recognition problem.

1.2 Evaluation Measures

To measure the accuracy of the speech recognizer we compare the true transcrip-
tion W, which is obtained manually from humans, to the output of the recognizer
W (referred as hypothesis). This comparison is usually performed on the sentence
level using the Sentence Error Rate (SER) metric or on the wold level using the
Word Error Rate (WER) metric.

The SER is defined as the percentage of correctly transcribed sentences. The
accuracy of a speech recognizer at the sentence level may not be a good indicator
of performance. This is because the SER metric yields the same value without
taking into account whether there is one or more incorrectly hypothesized words
in a sentence between the true transcription and the hypothesis. The WER is
defined as the minimal cost involved to transform the true word string into the
hypothesis by using three elementary operations: deletion, insertion and substitution
of a word. This measure which is also known as the Levenstein edit distance [77] can
be efficiently calculated using a dynamic programming algorithm [109]. The WER
is more informative than the SER since it allows to identify specific ASR errors, i.e.
the most frequently confusable words.

Part of this thesis involves the development of Chinese (Mandarin) ASR systems.
It is well known that Chinese text is written as a string of ideograms with no specific
word delimiter in contrast to languages like English. There is no standard defini-
tion of words in Chinese; words are identified based on the context in which they
appear. Thus, any given definite Chinese syllable string could correspond to many

Chinese word strings due to the uncertainty of the Chinese word boundaries [139].



This distinguishing feature of the Chinese language and a few other Asian languages
demands a departure from the conventional WER, metric. Therefore, Chinese ASR
transcriptions are usually evaluated under the Character Error Rate (CER) rather
than the WER. Its is defined similarly to the WER but the transcriptions are com-

pared at the Chinese character level.

1.3 A Mathematical formulation for the Decoder

The goal of the decoder is to output a word sequence W that matches best with
the speech produced by the speaker. Let P(W]O) denote the posterior probability
of the word sequence W, given the acoustic evidence O. The Maximum a Pos-
teriori (MAP) decoder chooses the word sequence W* with the highest posterior
probability [8]:

W* = argmax P(W|0O) (1.1)
Wew

where W represents all possible word strings. The MAP criterion is the optimum
decoding criterion when performance is measured under the Sentence Error Rate
criterion. This is the rule we will use for recognition for the purposes of this thesis.

Using Bayes’ rule, the posterior probability P(W|O) can be written as

POW)PW)

P(WI0) = —=p 5

(1.2)

where P(O|W) is the probability that the acoustic evidence O was produced from
the word sequence W; P(W) is the prior probability of the word sequence; and
P(O) =" P(OIW")P(W’) is the average probability that O will be observed.
For a known sequence of observations, the marginal distribution P(O) is constant
and therefore does not affect the MAP criterion of equation (1.1). It follows that

the decoder decides in favor of the word string W that satisfies

W* = argmax P(O|W)P(W) (1.3)
Wew

To compute the product P(O|W)P(W) we employ stochastic models of the acous-



tic and linguistic properties of speech. Hence, the values P(O|W) and P(W) are
provided from the acoustic model and the language model respectively. In the next
sections we will briefly introduce the commonly used n-gram language model and

describe the usual acoustic model employed in state-of-the-art ASR systems.

1.4 Language Modeling

The function of the language model is to assign a probability P(WW) to a given se-
quence of words W = w} = wy, - -+ ,w,. The language model guides and reduces the
search space of the best word sequence and improves ASR performance by providing
contextual information.

Using the chain rule, P(w}) can be decomposed to

n

P(UJ?) - H‘P(wl|w17 7wi—1) (14)
i=1
where P(w;|wy, -+ ,w;_1) is the probability of w; to follow a given word string
wi, -+ ,w;_1. The past wy,--- ,w;_1 is usually referred to as history.

ASR systems usually employ an n-gram language model. This model makes the
assumption that only the previous n — 1 words have any effect on the probabilities
for the next word. A typical value for n is three (hence the term trigram model).

Under the trigram model equation (1.4) becomes

n

P(w}) = P(wy)P(walwy) [ [ P(wilwi—s, -+ wiy) (1.5)

=1

where the first two terms on the right-hand side of equation (1.5) are called unigram
and bigram, respectively.

Regardless of the type of the language model employed, it is important that any
language model should be trained on data that are closely related to the task to

which the ASR system will be applied.



1.5 Acoustic Modeling

Speech is a non-stationary process but, it is assumed to be ’quasi-stationary’,
meaning that over a short period of time the statistical properties of speech do not
change from sample to sample. Hence, the task of acoustic modeling is to provide
a stochastic model that captures both the acoustic and temporal characteristics of
speech. Hidden Markov models (HMMSs) [13, 12] have proven to be well suited to
this task [8, 10, 11, 78, 104]. We will introduce the concept of HMM and we will

show how HMMs are used for acoustic modeling.

1.5.1 The Hidden Markov Model

The HMM is a stochastic finite state machine, in which each state is associated
with an output (emission) probability distribution. The HMM changes state once
every time unit according to a probabilistic transition function and each time 7
a state ¢ is entered, an output symbol is generated from the output probability

distribution. Formally, an HMM is defined by

o A set of states S = {s1, - ,sn}
e A probability distribution of transitions between states p(s;|s;), 1 <i,j7 < N

e The number of observation symbols in the alphabet, M. If the observations

are continuous then M is infinite

e An output probability distribution ¢(-|s;) associated with each state s;, 1 <
1< N

Hidden Markov modeling assumes that the sequence of feature vectors is a piece-
wise stationary process for which each stationary segment is associated with a spe-
cific HMM state. The set of state output processes models the (locally) stationary
feature vectors. Furthermore, since transitions among states are governed by the set
of transition probabilities the HMM can model varying temporal sequences stochas-
tically.

When using HMMs to model speech we assume that the feature vectors follow
a first order Markov process, i.e. the distribution of the vectors depends only on

the state and not on other vectors. Additionally, the transition probability of the
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Figure 1.2: A 3 state, left-to-right HMM typical used as a phonetic sub-word model.

system to the next state depends only on the current state regardless of the earlier
transition history. The sequence of the feature vectors is the observed output of the
HMM. The state sequence is not observed, it is hidden.

Depending on the task, an HMM can be used to model speech at several linguis-
tic levels e.g. words, syllables, phonemes, or phonemes with context information.
The standard choice for large vocabulary ASR systems is the triphones, which are
phonemes in right and left context. Context-dependent phonetic models have the
advantage of capturing coarticulation effects between adjacent speech units. Each
triphone is associated with a Markov model made up from states from § according
to a predefined topology. Figure 1.2 is an typical example of a triphone (phonetic
sub-word) HMM, as it is used in this thesis. The topology is strictly left-to-right.
Each state is allowed to take transitions to itself (loop) or to the following one (for-
ward). The HMM for a word is then obtained by concatenation of the phonetic
sub-word HMMs which form the word.

Let M = {my,...,my} represent the set of possible elementary phonetic sub-
word HMMs and 0 = {64, ...,0y} the set of associated parameters. In the following,
M,, will represent the HMM associated with a specific word w and obtained by
concatenating elementary HMMs of M associated with the triphone speech units

constituting w.



We can now give an example of how the sequence of feature vectors is gener-
ated by the HMM. According to Figure 1.2, the model traverses through the state
sequence S = 1,1,2,2,2,3 in order to generate the observation sequence oy to 0.
Observations {01, 02} are generated by state s = 1, observations {03, 04, 05} by state
s =2 and {og} by state s = 3.

Given that the state sequence s! is hidden (unknown), the probability of ob-
serving an HMM output sequence of feature vectors o}, given some model M, is

computed by summing over all possible state sequences. That is

P} |M) = ZP o, s M) = ZHp Sr|sr—1)p(0-|ss) (1.6)

lTl

1.5.2 Output Distributions

In general, the state output distributions can be either discrete or continuous.
Discrete density HMMs allow only discrete observations of a fixed codebook. The
output distribution in each emitting state consists of a separate discrete probability
b;(k) for each observation symbol ¢;. To make this possible, the continuously valued
feature vectors must first be (vector) quantized (VQ) to the nearest codeword in
the codebook. One advantage of such representation is that discrete distributions
do not assume any specific form of the density functions and therefore any arbitrary
distribution in the feature space can be approximated. At the same time the cal-
culation of the observation probabilities in the HMM states reduces to simple table
look-ups, which makes the calculation of P(O|W) computationally efficient. Un-
fortunately, the discetization of continuously valued vectors introduces quantization
errors. These modelling inaccuracies, inherited in the V@, degrade the recognition
accuracy of the system.

More sophisticated methods of VQ can alleviate such loss [9, 31]. These quan-
tization methods allow the development of observation distributions for HMMs
that combine subvector quantization and mixtures of discrete distributions [32].
The discrete-mixture HMMs were found to perform at least as well as continuous-
mixture-density HMMs at much faster decoding speeds.

Continuous density HMMs use parametric distributions of a predetermined form.
Most ASR systems employ weighted sums (mixtures) of multivariate Gaussian den-

sities



NE

Q(0|3§ {Cs,m7 Hsm, Esm}) = Cs,m N(O; Hsm Es,m) (1‘7)
m=1
M 1
— Z Com e 3(0msm) im0 psm) (1.8)
m=1 (27T)d|257m|

where M is the number of mixture components and c;,, is the mixture weight for
the m'" mixture component in state s; s,m and X, are the mean vector and co-
variance matrix of the m** Gaussian density at state s. To reduce the number of free
parameters, the components of the feature vector are assumed to be uncorrelated,
that is the covariance matrix is assumed to be diagonal. The mixture weights must

satisfy
M
 eem=1 0<cm<1 (1.9)
m=1

In theory, mixtures of Gaussian densities can assume arbitrary shapes. Therefore,
the use of Gaussian mixture densities allows the modeling of data with non-Gaussian
nature and implicitly of the correlations between the components of the feature
vector.

Usually, an incremental approach is followed to acoustic model building based
on the idea of gradually increasing model resolution. The HMMs are initialized
by a single component density per state and, subsequently, the number of mixture
components in each state is increased by a succession of reestimation and mixture

splitting.

1.6 Estimation of the HMM parameters

The parameters of the models must be estimated before the HMMs can be used
for recognition. The parameters to be estimated in an HMM-based ASR system
are the state transition probabilities and the parameters related to the emission
probabilities. The most popular estimation techniques for ASR systems are the
Maximum Likelihood (ML), Maximum Mutual Information (MMI) and Maximum
A Posteriori (MAP) criteria. The following sections give a brief overview of these

estimation criteria and discuss their strengths and weaknesses.



1.6.1 Maximum Likelihood Estimation

Maximum Likelihood estimation attempts to find the HMM parameter set 6*
which maximizes the likelihood of the observed acoustic data 651 given the model

M~ corresponding to the correct transcription wy
1

0* = argmax P(6}| My 0) (1.10)
0

Let S be the set of all possible Z—length state sequences (paths) that can represent
w7, i.e. paths that begin at the initial state, end at the final state, and traverse
exactly [ arcs, resulting in exactly [ outputs. Then equation (1.10) can be written

as

§* = argmax P((’)l; | My 0)
o

— N .
= arggnax Z P(0y, 51| Mg 0) (1.11)

SZ;ES

In general, it is not possible to estimate * directly from equation (1.11). However,
an iterative procedure known as the Expectation-Maximization (EM) algorithm may
be used to locally maximize the likelihoods in equation 1.11. The EM algorithm is
a general method of finding the maximum-likelihood estimate of the parameters of
an underlying distribution from a given data set when data are incomplete or have
missing values. It is assumed that the estimation problem is to find a parameterized
joint probability density on a complete random variable X, based on observations
of an incomplete random variable Y = y(X), where y(-) is a many-to-one mapping.
This algorithm exploits the fact that the complete-data likelihood is analytically
easier to maximize than the likelihood of the incomplete data.

The estimation of the parameters of an HMM, as used in acoustic modeling, is
an example of estimation from incomplete data. In this case, the complete random
variable X consists of the arbitrary length word sequence W, and the observation
sequence OF and state sequence ST of equal but arbitrary length. The incom-
plete random variable is the word sequence and the observation sequence. The pair

(wh, 65) denotes observed values of these random variables, i.e. the training data.
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Thus, we can observe W{¥ and OF but, not the corresponding state sequence S¥;
the state sequence is hidden.

The EM algorithm is a two-step iterative procedure. The first step, called the
expectation (E step), computes the auziliary function Q(0, 0) defined as the expected
value of the complete-data log-likelihood log p(O, S, W; ) with respect to the hidden
state sequence given the observed data and the current parameter estimates. We

define

Q(e_a 9) = [1ng<017517 )‘017 Aﬁ ] (112)
=" p(stlal, ﬁ,;n;9) logp(ol,sl,Mw;L;é) : (1.13)
SZ;ES

Here, 0 are the current parameter estimates that we used to evaluate the expectation
and @ are the new parameters that we optimize to increase Q(6, 9).
The second step, called the maximization step (M step), maximizes the expec-

tation computed in the first step, i.e.

0* = argmax Q(0,0) (1.14)
0

These two steps are repeated as necessary. Each iteration is guaranteed to increase
the log-likelihood and the algorithm is guaranteed to converge to a local maximum
of the likelihood function. That is, if a value @ satisfies Q(0,60) > Q(6,0), then
P(O|My;0) > P(O|My;0).
The auxiliary function Q(f,6) can be simplified by introducing the HMM condi-

tional independence assumptions, mentioned in Section 1.5.1, as

i
Q,0) = ZZ%(T;H) (log @s. s, ., +logq(or|sr; fis, £s)) (1.15)

seS =1

Here, as s, ., 2 p(8,41]sr) denotes the Markov transition probability from state
s, to state s, and (7;0) £ g, (s|M, ,01, 0) denotes the conditional occupancy
probability of being in state s at time 7 given the training acoustics 01 and the model
Mg corresponding to the transcription w?. The probability v,(7;80) is computed

using the forward-backward algorithm [104].
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The ML criterion is the commonest objective criterion used for HMM train-
ing. Its wide-spread adoption is a result of empirically good performance and the
availability of the fast, globally convergent EM training algorithm. Moreover, ML
estimators exhibit desirable statistical properties such as sufficiency, consistency and
efficiency [42, 76, 130].

However, there are two fundamental limitations with the MLE approach. First,
one of the most commonly cited problems is the violation of the model correctness
assumption. It is well known that an HMM is not the true generator for speech; in
fact the true generator is unknown. Thus, parameterized models obtained via MLE
can be employed optimally for detection and classification if the data encountered
are generated by some distribution from the model family. The problem arises due
to the various conditional independence assumptions that underlie HMM models,
as we have already mentioned. Given these assumptions, it is unlikely that the
processes that actually generate speech can be closely modelled by HMMs. Second,
by inspection of the ML criterion (equation (1.10)) we can see that MLE is only
concerned with maximizing the a posteriori probability of the training data given the
model corresponding to the data. The models from other classes do not participate
in the parameter re-estimation. Therefore, under MLE each HMM is trained only
to generate high probabilities for its own class, without discriminating against rival
models. Consequently, the MLE objective function is not directly related to the
objective of reducing the error rate.

As an alternative to relying on the asymptotic behavior of ML estimation under
the model correctness assumption, there are discriminative estimation procedures
that directly attempt to optimize recognition performance. In general, discrimi-
native criteria not only try to maximize the class conditional probability of the
acoustic evidence given the correct classes but, also try to minimize the class condi-
tional probabilities of the corresponding competing classes. In the next section we
briefly describe one of the most popular discriminative criterion, i.e. the Maximum

Mutual Information criterion

1.6.2 Maximum Mutual Information Estimation

Maximum Mutual Information estimation [7, 99, 134] attempts to find acoustic

model parameters 6 that maximize the mutual information I(W,O;0) between the
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training word sequence and the corresponding observation sequence

P(O,W;0)

(W, 0:6) = P(0;0)P(W)

(1.16)

If the language model is assumed independent of the acoustic model parameters 6,
maximizing the MMI criterion is equivalent to maximizing the Conditional Maxi-
mum Likelihood (CML) criterion of Nadas [93, 94]

P(O,W;0) P(O|W;0)P(W)

POVIOO) = =50:0) = S5, PLOTW:0) PO (L.17)

Therefore, for the remaining part of this thesis the terms MMI and CML will be
used interchangeably.

The CML criterion tries to improve the a posteriori probability of the correct
sentence hypothesis given the acoustic evidence. Since this is also the probability
used in MAP decoding (equation (1.1)), the CML objective is directly related to
reducing the Sentence Error Rate on the acoustic training set.

Equation (1.16) shows the difference between MMIE and MLE. Maximization
of the MMIE criterion over W, which is usually taken to be the set of all word
strings allowed in the language, leads to discriminant models since it implies that the
contribution of the numerator (correct word sequence) should be enhanced while the
contribution of the denominator (all possible alternative models) should be reduced.
Therefore, under MMIE the parameters of all HMMs are adjusted simultaneously.
In contrast, under MLE the HMMs are trained independently of each other. The
computation and processing of the alternate word hypothesis defining the competing
models in the denominator is the most computationally expensive step in MMI
training. In practice, the space W is approximated either by N-best lists [22] or
lattices [134]. The N-best lists or the lattices are generated via a recognition pass
on each of the training utterances.

The MMI criterion has a solid theoretic foundation derived from an information
theoretic approach to classifier design. However, the successful application of MMIE
- and in general any other estimation procedure - to HMMs depends on the avail-
ability of a fast and effective training algorithm. Initially, MMI training made use of

gradient descent optimization that converged slowly and gave little improvement [7].
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Later, the eztended Baum-Welch algorithm [52], an extension to the standard Baum-
Welch algorithm [12], for optimizing rational functions was introduced. The eztended
Baum-Welch algorithm was first developed for discriminative training of HMMs with
discrete output distributions. Then, it was extended to the optimization of HMMs
with continuous Gaussian densities [98]. The idea was to create a discrete approxi-
mation of the Gaussian density so that the ertended Baum-Welch algorithm can be
applied. Here, we use a simplified derivation of the CML estimation algorithm that

does not require discetization of the continuous observation process.

The Conditional Maximum Likelihood Algorithm

Gunawardana’s derivation of the extended Baum-Welch procedure for CML esti-
mation of HMMs [56] provides an auxiliary function for discriminative model estima-
tion that is analogous to the EM auxiliary function used to derive Maximum Likeli-
hood modeling procedures. It does not require discrete density approximations and
extends the extended Baum-Welch algorithm to arbitrary continuous density HMMs
with arbitrary parameterizations. This is particulary useful for the purposes of this
thesis since we are interested in discriminative estimation procedures of Gaussian
observation distributions with constrained parameterizations.

Gunawardana’s iterative CML algorithm chooses 8+ given a parameter iterate

6 according to

ARNE argnéaxz [Q(5§|Mw{baélﬁ %)) — q(slﬂéli; e(p))] log q(6l1|sl;; 0)
c N
s

#30 () [athisl: 07 togatells 0 dol. (113)
st

Here, the pair (@7, 0}) denotes observed values of the observation vector sequence

O and corresponding word sequence W random variables, i.e. the training data.
d (3%) leads to the MMI constant as D, = Zs§ d’(sl;).

1Sr=s

1.6.3 Maximum A Posteriori Estimation

One of the most commonly used Bayesian learning criterion is the maximum a

posteriori (MAP) criterion. The MAP estimate can be seen as a Bayes estimate when



14

the loss function is not specified [28]. The MAP estimation framework provides a
way of incorporating prior knowledge about the model parameters into the training
process. Specifically, in MAP the acoustic model parameters to be estimated 6 are
assumed to be random variables whose range is contained in ©, and therefore are
described by their probability density function p(6), called prior density. The MAP

estimate is defined as the mode of the posterior density of #, that is

0* = argmax p(0|6§, w7 (1.19)
e

Using Bayes’ rule, we rewrite p(6]6},@7) as

(1.20)

Since the language model is independent of the acoustic model parameters 6, equa-

tion (1.20) becomes

p(6l6 %) = p(O)p(3:[01; O)p(w7]6)
p(0}, wt)
_ p(O)p(61 [ 0)p(at)
(017 )
_ p(O)p(6}[; 6)
p(01|w1)

Given the above expression for p(9[6§, W), we can see that maximizing equation (1.19)
with respect to 6 is the same as solving (1.21) since p(6! [7) is constant with respect

to 6.

0" = argmax p(0)p(oL|w™; 0) (1.21)
0o

Hence, the MAP objective function is given by
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0" = argmax p(@)p(élﬂMw?; 6) (1.22)
90

where Mw? is the composite HMM model corresponding to the word sequence w7
(see Section 1.5.1) and p(o} | M g;0) is the likelihood function of the observed acoustic
data given the model corresponding to the transcription.

As we previously discussed, in Section 1.6.1, the likelihood function p(éli |Mw?; 6)
in equation (1.22) is the function to be maximized under the ML criterion (see equa-
tion (1.10)). By inspection of the MAP criterion (equation (1.22)) and ML criterion
(equation (1.10)) we can see that the MAP objective function has an extra term,
i.e. the prior distribution p(f) of the model parameters 6. Hence, the difference
between the ML and MAP estimation procedure lies in the assumption of an ap-
propriate prior distribution of the parameters 6. If 6 is assumed to be fixed but
unknown, which is equivalent to assuming a noninformative or improper prior [79],
then equation (1.22) reduces to the corresponding ML equation (1.10).

The MAP estimate can also be formulated in an EM algorithm as described by
Dempster et al. [29]. Thus, an EM approach can be used to estimate the mode of

the posterior density by maximizing the following auxiliary function

R(0,0) = Q(0,60) + logp(6) (1.23)

where Q(0,6) is the conventional ML auxiliary function (1.13). It follows that maxi-
mizing R(f, ) leads to improvements in the a posteriori probability density function
of . The prior density adds a regularization term to the reestimation equation, and
penalizes estimates that deviate from the prior.

An interesting property of MAP estimation is its asymptotic behavior: as the
amount of adaptation data increases, the likelihood function becomes dominant
whereas the contribution of the prior becomes negligible. Thus, as long as the initial
MAP and ML estimates are identical, the MAP estimate converges to the same
point as ML when the amount of training data approaches infinity.

The major shortcoming of MAP estimation is that it is strongly related to the
choice of the prior distribution family. The common practice is to use conjugate

priors [49] so that the posterior distribution has the same functional form as the
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prior. In this way, the problem is reduced to estimate the parameters in a known
form of density. However, it is not always possible to find a conjugate prior density.
Furthermore, additional parameters (referred as hyperparameters) are needed
to describe the prior distribution. In a strict Bayesian approach, these additional
parameters are assumed known, based on common or subjective knowledge about
the stochastic process. Because in most cases the hyperparameters cannot be derived
from such knowledge, an alternative solution is to adopt an empirical Bayes approach
[106] in which the hyperparameters are estimated directly from the data.
Therefore, the use of priors in MAP makes the parameter estimation more com-
plex than ML. On the other hand, MAP estimation is particularly useful when
training data are sparse because, in this case, the ML approach can give inaccurate
estimates. Hence, if we know what the parameters of the model are likely to be
- before observing any data - we might get a decent estimate given only a limited

amount of training data.

1.7 Linear Transformations of the Feature Vector

As we mentioned in Section 1.1, the observation (feature) vectors, which are the
output of the acoustic processor, contain important features from the speech signal.
Linear transformations of the feature vectors is the main topic of this thesis. In
this last section we will review the properties of linear transformations and present
their elementary properties, in order to serve as a reference for later chapters in this
thesis.

Let X and Y be d-dimensional real-valued random vectors. A function g(-) is
called an affine transformation of R? if there exists a d x d matrix A and a d-

dimensional vector b such that

g(X)=Y = AX +b. (1.24)

If b =0, g(-) is called a linear transformation. The function g(-) is one-to-one if,

and only if, A is nonsingular and then,

g (Y)=A"(y—b), (1.25)
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where A_; is the inverse of A.
Now, let ux = E[X] denote the expected vector of X and Xx = E[(X —pux)(X —
px)T] the covariance matrix of X. Then, the expected vector and covariance matrix

of Y are

iy = E[Y] = AE[X] + b= Apx +b,

Sy = EB[(Y — uy)(Y — py)"]
— B[(AX +b— Apx — b)(AX +b— Aux — )]
= AB[(X — px)(X — px)"]AT
=AY AT

(
(

The feature vectors in the HMM are modelled by the state dependent Gaussian
densities, that is we assume that X ~ N (+; ux,Yx). Assume that we apply a linear
transform to the feature vector X, given by equation (1.24). Then, the density of
the random vector Y = AX + b is given by the following theorem [3].

Theorem 1 Let X be a d-dimensional normal random vector with mean vector px
and positive definite covariance matriz Xx. Let A be a nonsignular d X d matriz
and b a d-dimensional vector. ThenY = AX +b is a d-dimensional normal random

vector with mean vector uy = Aux and covariance matriz Xy = AXNx AT,

Proof The density of Y is given by [15]

~ px(g7' ()

py(y) = 7. )] (1.26)

where J,(g7*(y)) is the Jacobian of g evaluated at g~ '(y), that is J,(¢7(y)) = |Al.

Hence
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-1 1 | Tx—1/7 4—1
pry) = A1 e exp (= (A7 = 8) = ) B (A7 (0 = D) - o)

(1.27)

S~ (A +0)T(ATSH Ay — (Apex +1)

1
= exp | —
2n)I|A|[Sx| 2 p( -3

(1.28)

= Ly (A 1 0)T(AZAT)  y — (Aux + b)))

1
— ex
S As AT ( 2

(1.29)
But Aux +b = py and AXx AT = Yy, Hence, equation can be rewritten as
() = —— (5w w—mr).  (130)
= ———exp| — =(y— — . )
Py Y 205y | P B Y — Ky y \Y — Hy
[ |

The modelling techniques developed in this thesis apply affine transforms to the
observation vector X so that a normalized feature vector is found by equation (1.24).
A common approach is to tie the transforms across sets of Gaussians in order to
reduce the number of parameters to be estimated from the training data. Therefore,
we assume that we group the HMM states into R classes. Then each affine transform
(Ar(s), br(s)) is associated with a group of states S, = {s|R(s) = r} for classes

r=1,...,R. Let Tr(s to denote the extended transformation matrix
Tr(s) = [brs) Ar(s)] (1.31)
and ( the extended observation vector

c2nxT (1.32)

The emission density of the HMM state s is assumed to be Gaussian. Using equa-

tion (1.26), we can see that the Gaussian densities are reparameterized as
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2(Cls:0) = 2ROl 4Ty T (1.33)
2m)"[|

Here, ps and ¥, are the mean and variance for the observation distribution of state
s. The reparametrization of the emission density augments the usual set of HMM
parameters with the parameters of the transform. The entire parameter set is defined
as 0 = (Tr(s)s s> Xs)-

Given Theorem 1, we can establish the following property of normal vectors. By

inspection of equations (1.27) and (1.29), it is easy to confirm that

Al N(AX + b, pux, Bx) = N (X, A Hux —b), A7 '8x A7) (1.34)

That is an affine transformation of a normal vector X is equivalent to an affine
transformation of the corresponding Gaussian means and the covariances since the
respective Gaussian likelihoods are equal. This property of normal vectors allows
Gaussian observation distributions with constrained parameterizations to be imple-
mented as a transformation of the vector and a scaling of the likelihood by the

Jacobian term |A].



Chapter 2

Linear Transforms in Hidden
Markov Model-Based Automatic
Speech Recognition

In the previous chapter we reviewed the basic statistical HMM-based acoustic
model for Automatic Speech Recognition (ASR) and the estimation of the acoustic
model parameters under the Maximum Likelihood, Maximum Mutual Information,
and Maximum A Posteriori criteria. We have also reviewed the use of linear trans-
forms and presented their elementary properties. This chapter provides an overview
of the application of linear transforms in HMM-based ASR systems.

Linear transforms have been used extensively for HMM-based acoustic modeling
of ASR systems as a powerful tool for increased classification accuracy and improved
descriptive power. The application of linear transforms in acoustic modeling can be
grouped broadly in three categories: Acoustic Adaptation, Acoustic Normalization

and Correlation Modeling.

2.1 Acoustic Adaptation

The parameters of the acoustic models are usually estimated from large amounts
of training data collected from many speakers. Then, the estimated models are
used to transcribe speech from previously unseen (test) data. ASR systems suffer a
degradation in performance when there is a mismatch between training and testing

conditions. The mismatch is characterized by a number of contributing factors, such

20
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as
e Language
e Dialect
e Domain or topic
e Acoustic channel and environment
e Sampling rate
e Speaking style
e Speaker age, education and fluency

The goal of Acoustic Adaptation is to compensate for the differences between the
speech on which the system was trained and the speech which it has to recognize.
Transformation-based model adaptation can be summarized as follows: assuming
that the estimated models have been trained in a given condition leading to a set
of parameters #, a new set of model parameters 6’ is obtained for a new condition
with a suitable parameter transformation procedure # = F(6) using some training
data (called adaptation data) in the new condition. The amount of data used for
the estimation of the transformation parameters is usually much lower than the one
used for training the initial models. To avoid introducing more parameters than can
be reliably estimated, transforms are tied across groups of parameters.

Parameter transformation procedures F(-) can be classified into linear and non-
linear transformations. Linear transformation procedures adapt the parameters by
means of an affine transformation, as given by formula (1.24), that maps the original
space to the space of interest. Nonlinear procedures that perform the same operation
with nonlinear mapping [102] are out of the scope of this thesis.

One popular linear transformation-based approach is the maximum likelihood
linear regression (MLLR) [74, 75], which estimates a set of linear transformations
for the mean parameters of a mixture Gaussian HMM system to maximize the
likelihood of the adaptation data. The basic MLLR approach was later extended
to be able to compensate the variance parameters of the Gaussians in addition to
the means [45]. Under this approach, which is termed unconstrained model-space

adaptation, the transforms that act on the means and the covariances are unrelated
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to each other. That is, the general linear transform of the Gaussian mean p is given
by

W=Ap+b (2.1)

where A and b is the transformation matrix and bias vector. The Gaussian covariance

matrices are transformed as

Y =LHL" (2.2)

where L is the Choleski factor of the original covariance matrix >, or

Y =HYH” (2.3)

In both cases H is the transformation matrix applied to the covariance.
Constrained adaptation of the Gaussian parameters has also been considered

[33], in which the transformation applied to the mean must correspond to the trans-

formation applied to the covariance. Using a similar notation to the above, the

transformed mean and covariance is given by

p = Ap+b (2.4)
Y = AL AT, (2.5)

Here, we can see that the same transform A applies to both mean and covariance.
Transformation-based adaptation techniques can be applied in a flexible man-
ner, depending on the amount of adaptation data that is available. Typically, the
amount of adaptation data is significantly lower than the one used for the training
of the initial models. Tying of transformation matrices across sets of Gaussians
reduces the number of parameters to be estimated from the adaptation data. This
results in more robust estimates and can provide adaptation for the Gaussian dis-
tributions which there were no observations at all in the adaptation data. The

ability of transformation-based adaptation techniques to adapt every parameter in
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the model is a major advantage over the conventional maximum a posteriori (MAP)
based adaptation [49]. In MAP adaptation the reestimation formulae only applies
to individual model parameters and therefore if a Gaussian component is not ob-
served in the adaptation data it cannot be adapted. However, transformation-based
adaptation techniques generally suffer from poor asymptotic properties leading to a
quick saturation in performance as the amount of adaptation data increases.
Transformation-based adaptation techniques have also been combined with Bayesian
learning methods. One of the most commonly used Bayesian learning criterion is
the maximum a posteriori (MAP) criterion. The MAP estimation framework pro-
vides a way of incorporating prior knowledge about the model parameters into the
training process. Siohan et al. [118] reformulated the MLLR algorithm under the
Bayesian framework by introducing a prior distribution for the affine transformation
matrices leading to the maximum a posteriori linear regression (MAPLR) algorithm.
The prior distribution was modelled by the Normal-Wishart distribution, and unlike
MLLR, MAPLR did not have a closed-form solution. Chou [20] proposed the ellipti-
cally symmetric matrix variate distribution [58] as the prior distribution for MAPLR.
A closed-form solution for MAPLR was obtained under these elliptically symmetric
priors. Later, Chou and He [21] developed a MAPLR adaptation framework for the
variance parameters as well. The prior distribution of the transformation matrix,
which is applied to the the Gaussian covariances, was selected from the family of vec-
tor normal distributions. A closed-form solution of MAPLR for variance adaptation
under this prior was derived from its Expectation-Maximization formulation.
Linear transforms have also been used for Speaker Adaptive Training (SAT) [2].
The goal of SAT is to reduce inter-speaker variability within the training set. SAT is
an iterative procedure that generates a set of speaker-independent state observation
distributions along with matched speaker-dependent transforms for all speakers in
the training set. Standard SAT uses unconstrained model-space transformations of

the means and the variances in both training and testing.

2.2 Acoustic Normalization

Rather that adapting the model parameters to a new speaker or in general to
a new condition, it is also possible to transform (normalize) the acoustic features.

Acoustic normalization techniques transform the acoustic features in an attempt to
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reduce variations between speech frames. A broad family of acoustic normalization
techniques are based on signal processing concepts. The simplest of these is cepstral
mean normalization (CMN) [5, 40] in which the long-term average of the cepstrum
is subtracted from the cepstrum of each speech frame. As a result CMN removes
mismatches due to channels and additive noise effects. It is known that additive noise
shifts the mean and reduces the variance of the cepstral features [65]. Therefore,
in addition to mean normalization, cepstral variance normalization (CVN) has also
been applied to compensate this effect by normalizing all feature components to
have variance of 1.0.

Historically, the usefulness of linear feature transformations was first demon-
strated in template-based and discrete-HMM speech recognition systems [54, 55, 66,
60, 25, 114]. For a detailed discussion of these techniques the reader is referred to
[73]. Zhao [138] extended the idea of feature transformations for acoustic normaliza-
tion to continuous HMM-based ASR systems. He proposed a decomposition of the
spectral variations into two sources: one acoustic and the other phone-specific. The
acoustic source is attributed to speaker’s physical individualities that cause spectral
variations independent of phone units. The phone-specific source is attributed to
personal speaking idiosyncrasies (e.g. accent and pronunciation). The acoustic and
phone-specific variation sources are modelled as two cascaded linear transforms.

Sankar and Lee [108] presented a stochastic matching algorithm based on the
ML criterion for robust speech recognition but, only in a very restricted form. The
goal was to reduce the mismatch between the training and test speech data during
recognition. The mismatch was modelled by a bias vector both in the feature-space
and in the model-space. Gopinath [53] applied the idea of maximum likelihood
linear transforms for the training of Gaussian mixture distributions. The maximum
likelihood estimates of the transform parameters were obtained using a conjugate
gradient method with analytic gradient supplied.

Gales [46] extended the idea of feature-based maximum likelihood linear trans-
forms from the simple diagonal case [33] to the full matrix case. The maximum like-
lihood estimates of the transform parameters were obtained by an iterative closed-
form procedure in which each row of the transform matrix is optimized given the
current value of all the other rows. In the same work [46] Gales proposed the use of
feature-based transforms for speaker adaptive training as an alternative to the stan-

dard SAT [2] scheme which uses model-space transformations of the means and/or
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the variances. Using feature-based transforms in SAT, as proposed by Gales [46],
the re-estimation formulae become almost identical to the standard ML-based mean
and variance re-estimation formulae. Thus, SAT with feature-based transforms is
simpler, computationally efficient and requires minimum alternation to the standard
code.

Another commonly used normalization technique that stems from the physical
model of the vocal tract is the vocal tract length normalization (VTLN). VTLN
addresses the shift of the formant frequencies of the speakers caused by their different
vocal track lengths. VTLN is typically performed by warping the frequency axis of
the spectrum using a suitable parameterized function. The parameter values are
estimated individually for each speaker in an attempt to compensate for differences
in vocal tract length between speakers. Eide and Gish [38] proposed a nonlinear
warping for VTLN. McDonough et al. [89] used the bilinear transform that results
as a matrix transformation directly in the cepstral domain. Uebel and Woodland
[124] investigated a matrix approximation technique to learn the mapping between
the unwarped and warped cepstra by applying a least squares estimation of the
transform matrix.

Although the terms Acoustic Normalization and Acoustic Adaptation have been
categorized separately here, they have been used loosely and in different ways in the
literature. This is because for certain types of linear transformations, it is possible
to show that acoustic normalization of feature vectors and acoustic adaptation of

model parameters are equivalent. An example is presented in Section 2.4.

2.3 Correlation Modeling

It is well known that explicit modelling of correlations between spectral param-
eters in speech recognition results in increased classification accuracy and improved
descriptive power (higher likelihoods) [81]. For example, let us compare a Gaussian
density with full covariance matrix N (X, px,Yy) to a Gaussian density with diag-
onal covariance N (X, ux,diag(Xx)). When a full covariance matrix is used then
all of the correlations are explicitly modelled. On the other hand, when a diagonal
covariance is used, there is an underlying assumption that the components of the
feature vector are not correlated. It is easy to show that a full covariance Gaussian

model results in higher likelihoods [53]
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N(X,ux,dzag(ZX)) SN(X,[Lx,Ex) (26)

However, computational, storage and robust estimation considerations make the
use of unconstrained, full covariance matrices impractical. Methods to address this
problem by the use of linear transforms can be divided in two classes, model-space

schemes and feature-based schemes.

2.3.1 Model-space Schemes

Model-space schemes use Gaussian mixture components with richer covariance
structure than the commonly used diagonal covariances. However, using a complex
covariance structure is computationally expensive, since covariance matrixes need
to be inverted for likelihood calculation. Thus, most of the model-space schemes
model the inverse covariance 7! (precision matrix) instead. Semi-tied covariances

(STC) [47] express the d x d precision matrix P, of a Gaussian m as

P,=%""1=ATAA

where A, is a diagonal matrix whose elements consist of the inverse variances \;; =
1/0? and A is a d x d transformation matrix (called as the semi-tied transform). This
semi-tied transform can be either the same for all Gaussian components (global) or
can be class-dependent, and therefore, tied over a set of Gaussian components. The
parameters of the STC approach are estimated using an iterative closed-form update
formulae.

Extensions to the STC approach model the precision matrix by superimposing
multiple bases. For example, the extended maximum likelihood linear transforms
(EMLLT) [100] allow the semi-tied transform A to be non-square. This approach
constrains the precision matrices to be a linear combination of D rank-1 matrices,

where d < D < d(d+ 1)/2. Therefore the precision matrix can be expressed as

D
Py=ATAA=Y" A9 0l

1=1

where the d-dimensional basis vector a! is the ith row of the D x d matrix A. When
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D = d the EMLLT scheme reduces to the STC scheme, and when D = d(d + 1)/2
the total number of parameters in the EMLLT approach is the same as that of a full
covariance matrix model.

A generalization of the EMLLT approach is the Subspace for Precision and Mean
(SPAM) [6] approach. SPAM constrains the mean vector and the precision matrix
to lie in a D-dimensional subspace of the space of symmetric matrices, which is
spanned by a collection of matrices S; where 1 < i < D. The precision matrices are

given by

n

P, = Z A9,

=1

where the matrices S; are symmetric d x d matrices. In the SPAM model D can
range from 1 to d(d + 1)/2. In contrast to the STC scheme, there is no closed-form
solution for the update of the EMLLT and SPAM parameters. Thus, gradient-based
optimization algorithms are employed for the update of the EMLLT and SPAM

parameters.

2.3.2 Feature-based Schemes

Feature-based schemes transform the feature vector to better satisfy the con-
strains of diagonal-covariance matrices. A common technique is the discrete cosine
transform (DCT) used in the final step of cepstrum coefficient extraction [27]. Other
techniques include the Karhunen-Loeve transform or principal component analysis
(PCA) [37, 43], linear discriminant analysis (LDA) [34, 37, 43] and heteroscedastic
linear discriminant analysis (HLDA) [71].

LDA finds a linear subspace that maximizes class separability among the fea-
ture vector projections in this space. Thus, LDA reduces the feature dimension by
choosing a linear p—dimensional subspace of the d-dimensional feature space and
by rejecting a (d — p)-dimensional subspace. The implicit assumption is that the
rejected subspace does not carry any classification information. For Gaussian mod-
els, this assumption is equivalent to the assumption that the means and variances
of the class distributions are the same for all classes, in the rejected subspace. Fur-
thermore, LDA assumes that the within-class variances are equal for all the classes.

HLDA is a generalization of the LDA scheme, which relaxes the assumption of equal
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variance in the parametric model.

Finally the maximum likelihood linear transform (MLLT) [53, 46] can also be
employed for the purpose of feature decorrelation. Under this approach, MLLT
applies a linear transform to the acoustic features in an attempt to capture the

correlation between the feature vector components.

2.4 Discussion

The application of linear transforms in acoustic modeling for Acoustic Adapta-
tion, Acoustic Normalization and Correlation Modeling has been summarized in this
chapter. Numerous applications of linear transforms for each of these categories
have been presented. The transforms vary from a simple bias to affine transforms
and from a scalar factor to full matrixes. Moreover, the transforms can be applied
to the feature space, as an affine transformation of the feature vector, and to the
model space, for the transformation of the mean and/or the variance parameters
of Gaussian HMM systems. The most effective form of transforms depends on the

application.



Chapter 3
Overview and Objectives

In Chapter 1, we presented an overview of Automatic Speech Recognition (ASR)
systems followed by prior research into the application of linear transforms in ASR
systems in Chapter 2. As we saw in the previous chapter, the transforms are de-
scribed as applied in either the model-space or feature-space [108]. This dissertation
focuses on the use of feature-space linear transforms (also known as constrained
model-space transforms [46]) with the aim of improving the overall recognition per-
formance of ASR systems. The choice of feature-space transforms is motivated by

the following observations:

e [t is possible to create a new set of acoustic data using the apparatus of feature-
based transforms. The new set can be used by other modelling schemes and
estimation procedures requiring no modification to the model structure or

estimation formulae.

e Feature-space transforms are quite versatile since they can be applied in all
three major applications of linear transforms in acoustic modelling, which are,

Acoustic Adaptation, Acoustic Normalization and Correlation Modeling.

e There is a duality between feature-space and constrained model space trans-
forms, as shown in equation (1.34). That is, an affine transformation of the
feature vector is equivalent to an affine transformation of the Gaussian means

and the covariances since the respective Gaussian log-likelihoods are equal.

e By inspection of the left-hand side of equation (1.34) we can see that feature-

space transforms can be implemented as a transformation of the feature space

29
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and a simple multiplication of the Jacobian term. Thus, there is no need to al-
ter the model parameters, as required by the right-hand side of equation (1.34),
which in some circumstances may be computationally expensive or even un-
desired. For example in online adaptation mode [19, 30, 137], adaptation is
performed incrementally as enrollment data become available. As a conse-
quence, a model-space adaptation would require the models to be repeatedly
updated. Another example can be given in the context of adaptive training.
The standard SAT [2] uses a model-space transformation of the means and/or
the variances. In order to estimate the means it is necessary to store a full
matrix for each Gaussian component in the system. Furthermore it requires
two passes over the training data, one for the means and one for the vari-
ances to update the Gaussian parameters. On the other hand, by the use of
feature-based transforms in SAT, as proposed by Gales [46], the re-estimation
formulae for the Gaussian means and variances become almost identical to the
standard ML-based mean and variance re-estimation formulae. Thus, SAT
with feature-based transforms is computationally efficient and requires mini-

mum alternation to the standard code.

Given the above motivation for the use of feature-space linear transforms, this

thesis focuses on the following three research areas:

e The development of estimation procedures for the feature-space linear trans-

forms based on different estimation criteria.

e The development of an acoustic normalization procedure for the integration of

diverse acoustic data.

e The development of procedures for combining multiple acoustic models, ob-
tained using training corpora from different languages, in order to improve
ASR performance in languages and domains for which large amounts of train-

ing data are not available.
Specifically, the following novel approaches will be presented:
Discriminative Likelihood Linear Transforms (DLLT) We will develop, in

Chapter 4, novel estimation procedures that find Discriminative Linear Transforms

jointly with MMI for feature normalization and we will present reestimation formulae
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for this training scenario. These fully discriminative procedures will be derived by
maximizing the Conditional Maximum Likelihood (CML) auxiliary function. Then,
in Chapter 5, we will show how this estimation criterion can be used for feature nor-
malization in HMM training for the transcription of large vocabulary conversational

speech tasks.

Structural Maximum-A-Posteriori (M AP) Linear Transforms We will de-
velop, in Chapter 6, a novel structural maximum a posteriori estimation framework
for feature-space transforms. Specifically, a Bayesian counterpart of the maximum
likelihood linear transforms (MLLT) will be formulated based on MAP estimation.
Prior density estimation issues will be addressed by the use of a hierarchial tree

structure in the transform parameter space.

Cross-Corpus Normalization Of Diverse Acoustic Data We will investigate,
in Chapter 7, the use of heterogeneous data sources for acoustic training. We will
describe an acoustic normalization procedure for enlarging an ASR acoustic train-
ing set with out-of-domain acoustic data. Under this procedure, a larger in-domain
training set can be created by transforming the out-of-domain data before incorpo-
ration in training. Then, in Chapter 8, we will put the cross-corpus normalization
procedure into practice by investigating the use of diverse Mandarin speech corpora

for building a Mandarin Conversational Telephone Speech ASR system.

Minimum Risk Acoustic Clustering for Multilingual Acoustic Model Com-
bination We will present, in Chapter 9, a new approach for sub-word multilingual
acoustic model combination. This approach aims at an optimal integration of all
possible information sources into one log-linear posterior probability distribution.
To this end, we will develop an automatic approach to find the optimal partitioning

of model scores into classes.

Finally, in Chapter 10, we will provide a summary of this thesis identifying spe-
cific research contributions and present some suggestions for future work in this

area.



Chapter 4

Discriminative Likelihood Linear

Transforms (DLLT)

In Chapter 2 we reviewed the application of linear transforms in ASR systems.
We saw that the transforms can be used for various modelling issues, such as acous-
tic adaptation, acoustic normalization and correlation modelling, can be applied in
the feature or the model space, and can vary in form. Until recently these trans-
formation techniques have been based on the maximum likelihood (ML) parameter
estimation framework. As we discussed in Section 1.6.1, under realistic conditions
ML estimation of HMMs cannot be relied upon to yield models that are optimum
for ASR. As an alternative to ML estimation, the Maximum Mutual Information
(MMI) criterion has been proposed which directly attempts to optimize performance
on the acoustic training. In this chapter we will show how the MMI criterion can
be used for feature normalization in HMM training. A fully discriminative train-
ing procedure is obtained that estimates both the linear transforms and Gaussian

parameters under the MMI criterion.

4.1 Previous developments leading to Discrimina-

tive Linear Transforms

Until recently, linear transformation techniques have been based on the maxi-
mum likelihood parameter estimation framework. For example, in MLLT [46, 53,

71, 108, 138] the feature-space transforms are estimated under the ML criterion.
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Discriminative training under the Maximum Mutual Information (MMI) [99] crite-
rion has recently been shown to be useful in large vocabulary conversational speech
recognition (LVCSR) tasks [134, 36]. Its success has triggered an interest in the
use of linear transforms estimated under the MMI criterion rather than via ML
estimation. These are called Discriminative Linear Transforms (DLT) [125].

One approach to the discriminative training of DLT's is Maximum Mutual Infor-
mation Linear Regression (MMILR) which was introduced by Uebel and Woodland
[125, 126], who showed that it can be used for supervised speaker adaptation. Gu-
nawardana and Byrne [57] introduced the Conditional Maximum Likelihood Linear
Regression (CMLLR) algorithm and showed that CMLLR can be used for unsu-
pervised speaker adaptation. Both adaptation algorithms, MMILR and CMLLR,
consider a model-space transformation of the mean and/or the variance parameters.

Maximum likelihood linear transforms have also been incorporated with MMI
training, in a hybrid ML /MMI modelling approach. McDonough et al. [87] combined
Speaker Adaptive Training (SAT) with MMI by estimating speaker dependent linear
transforms under ML and subsequently using MMI for the estimation of the speaker
independent HMM Gaussian parameters. Similarly, Ljolje [82] combined MLLT with
the MMI estimation of HMM Gaussian parameters. These transforms were found
using ML estimation techniques and were then fixed throughout the subsequent
iterations of MMI model estimation.

In this chapter, we propose training methods based on the MMI criterion that
estimate both HMM acoustic parameters and linear transforms. We obtain fully
discriminative procedures for feature normalization in HMM training under the MMI
criterion. These procedures are derived by maximizing Gunawardana’s Conditional
Maximum Likelihood (CML) auxiliary function (equation 4, [56]). We will show
in the subsequent sections how this estimation criterion can be used for feature

normalization in HMM training.

4.2 Discriminative Likelihood Linear Transforms

for Acoustic Normalization

Feature-space linear transforms in acoustic modelling [46, 53, 71, 108, 138] has

been a common ingredient for building ASR systems [39]. This modelling tech-
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nique applies affine transforms to the m dimensional observation vector o so that
a normalized feature vector is found as Ao + b, where A is a nonsingular m x m
matrix and b is a m dimensional vector. The emission density of state s, which is
assumed to be Gaussian, is therefore reparametrized as shown in equation 1.33. The
reparametrization of the emission density augments the usual set of HMM param-
eters with the parameters of the transform. The entire parameter set is defined as
0 = (Tr(s), s, Xs)-

Our goal is to estimate discriminative likelihood linear transforms and HMM
parameters under the CML criterion, which was introduced in Section 1.6.2. The
transforms obtained under this criterion are termed Discriminative Likelihood Linear
Transforms (DLLT'). This estimation is performed as a two-stage iterative procedure.
We first maximize the CML criterion with respect to the affine transforms while
keeping the Gaussian parameters fixed. Subsequently, we compute the Gaussian
parameters using the updated values of the affine transforms. All these estimation
steps are done under the CML criterion.

These procedures are derived by maximizing Gunawardana’s Conditional Max-
imum Likelihood (CML) auxiliary function (equation 1.18). Using calculus to do
the maximization yields the following update rule to be satisfied by the parameter
estimation procedures: given a parameter estimate 6, a new estimate 6 is found so

as to satisfy

0> [alsti Mg, 0k 0) = a(st 1ol 0)] Volog g(olsh; )

+Zd’ (sll) /q(oﬂsi; 0)Vglog q(ol|st; ) dol = 0. (4.1)

Here, O is the acoustic observation vector sequence and W is the corresponding
word sequence. The pair (%, 6! ) denotes observed values of these random variables,

i.e. the training data. d' (551) leads to the well-known MMI constant as D, =

Z:sl;:sT:s dl(sll)
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4.2.1 DLLT Estimation

The DLLT modeling approach incorporates Gales’ [46] treatment of MLLT and
Gunawardana’s CMLLR derivation [57]. In the first part of the two-stage estimation
procedure we fix the HMM means and variances and maximize the CML criterion
with respect to the affine transforms.

The parameter update relationship of equation (4.1) can be simplified by using
the Markov assumptions and noticing that each of the states is uniquely assigned to

one of R disjoint transform classes S,.. Therefore we can write

log q(C{]s}:0) Zzlogq Crlsi To)La(52)1(R(5))
s T1=1
where 14(s;) = 1 if s, = s, 0 otherwise and similarly, 1,(R(s)) = 1 if r = R(s), 0

otherwise. We can then express equation (4.1) as:

i
TJi: ) Y Aur:0) - Vi, logq((rls: Th)

seSy 7=1

+ZD/ (G TV logq(Cls; T)dC =0 i=1,...,m (4.2)

seS,
where [T}]; denotes the i row of T}, and /(73 0) = ~,(7;0)—~(7;0). Here, v,(7;0) =
s, (s|M ,01, 0) is the conditional occupancy probability of state s at time 7 given
the training acoustics and the model that corresponds to the transcription, v9(7;60) =
qST(slél;; 0) is the conditional occupancy probability of state s at time 7 given only
the training acoustic data, and Dj Zs, s &(sh).

With the HMM means and variances fixed, the logarithm of the reparametrized
conditional density log ¢((|s; @) is given by (ignoring all terms independent of T,.):

zm: r z - 2[Tr]zwzz)

=1

log q(¢ls; ) = log(|A,|) —

l\DI»—t

where R(s) = r and

T
Zoi = =G

EX)
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Hsi o1
ws,i - P C
Us,i

s and o, are the ith elements of the mean and variance vector, for state s.

The gradient of log¢((|s;8) with respect to the parameter component [T,]; is

given by
V[Tr]i log Q(C|S, 9) = piT - [Tr]iZs,i + Ws,i
pilTT];
where p; is the extended cofactor row vector [0 ¢;1 ... ciml, (cij = cof (Aij)).

Substituting the above expression for the gradient into equation (4.2) yields

> i:v;(f; 0) ( ]}"T], — [T)iZss + w)

pi[rl

+0. [a6n) (S - E ) dc=0. @3

[TT.
= pil T

T

The calculation of the integral in equation (4.3) proceeds as:

[ a6 (b~ )z was) dc

pilT7];
pi L 7 T s T
= o, oz T G Tt 5 (G T
Di 1 T ”s,i
e
where J, is defined as the matrix
1 [A7 (s — by)]"

(4.4)
A (s — br)  ATNSs 4 (s — bo) (s — b)) TIAST

T

Equation (4.3) can then be written as
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3 Z 7(7:6) ( gy~ [T+ w)

seS, T=1 Di
Di R Ihs,i
+§:m< T [ﬂhg+;;u¢>:0

s€S, pz[ Os,i sy
Rearranging yields
8L — 1.6~k (4.5)
pil 1]
where
1 ]
G; = "(7:0)¢CT + DL, 4.6
SEZ; = ;w )GCE + (4.6)

k=3 B | Do Am O + Dl (4.7)

g .
s€S, St =1

B=Y | D lr:0)+ D, (4.8)

SESy =1

An iterative solution to the optimization of equation (4.5) is described by Gales [46],
where each row of T, is optimized given the current value of all the other rows. It

can be shown that the i*" row of the transformation matrix is found by

where « satisfies a quadratic expression (Equation B1.8, [46]).
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4.2.2 Gaussian Parameter Estimation

This section describes the estimation procedure for the state dependent Gaussian
means and variances under the CML criterion. With the transforms estimated as
described in Section 4.2.1, we denote the parameter set as 6 = (T}, j1s, Zs). Using
the Markov assumptions, we can write log ¢(C!|s: §) as > 25:1 log q(Cr|s:0)14(s,)
and simplify equation (4.1) as:

i
0:) Ai(r;0) - Vgloga(Gls; 0) + DS/Q(C;é)Vé logq(¢;0)d¢ =0  (4.10)
T=1

where we define 7.(7;0) = ~,(7:0) — 79(7;0). Here, the posteriors ~,(7;60) and
~I(T; 9~) are estimated for each state using the new transform estimates and old
Gaussian model parameters. To simultaneously update the Gaussian means and
variances we take the derivative of the state dependent emission density with respect
to 1 and X1 substitute the result in equation (4.10) and solve for u, and 3.

Mean estimation

The gradient of log q(|s; é) with respect to the parameter component u is given
by

V.. logq(¢|s;0) = V,, (—— (To¢ — )" S (Th¢ — us))

Substituting into equation (4.10) and rearranging gives

]
S ttr) (- ) + 0. ([ a@micac - [ aciomac) o
=1
Calculating the integral yields

Xl:%(ﬂ 0) (Trcl - ﬂs> 4 Dy (s — fis) = 0

=1
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Finally the update equation for s is given by

N

- Zi:l 'YQ(T, é) rST + Ds,us

fis = ; R (4.11)
Z‘r:l 7;(7—7 9) + Ds

Variance estimation

The gradient of log ¢(¢|s; #) with respect to X! is given by

VE;1 IOg Q(Cls; é) - VEQI (log |Es| - (Trc - ,U/s) Es_l (Trc - 'U/S)T>

= Es - (TTC - /Jls) (TTC - ,us)T

Substituting into equation (4.10) gives
J -/ _ . . T
ZV;(T; 9) (Zs - <Tr<7 - ﬂs) <T7"CT - las) )
T=1
s = _ N\ _\T
+ DS/Q(C|S;9) <Zs - (T'rg - ,us) (T’I‘C - /vLs) ) dC =0. (412>
Calculating the integral in the previous equation gives

5, - / 0(C15:0) (T,¢ — ) (To¢ — )" d¢

= 2_]s — s — USlLZ + Hsﬂz + ﬂsﬂz - ﬂsﬂz

Substituting the integral into equation (4.12) yields

>t (5. (1) (165

+ Dy (E, = B — poptl + pofis + fspl — foi}) =0
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Using the fact that p, is given by equation (4.11) we can obtain the reestimation

formula for the new estimate of X, as

l / T~ ATAT T
_ B T7:0) .G T 4 Dy (Xs + fsfty o

S yi(r16) + D,

In the implementation of the procedures reported here, the D, values for equa-
tions (4.9), (4.11) and (4.13) are calculated as described by Woodland and Povey
[134] (Sec. 3, schemes i & it with E = 2).

4.2.3 The DLLT Algorithm

This concludes the estimation procedure for the parameters of the DLLT model.
The derivation described above is an iterative procedure that can be summarized in

the following steps:

1. For each training utterance, create the numerator and denominator lattices [127].

2. Calculate the conditional occupancy probabilities vs(7;60) and v9(7;60) and
collect numerator/denominator statistics for the transform update equations.

The numerator statistics for state s are

- 0)
Y (i 0)CT
- (T 0)6ET

The denominator statistics are

- ()
DO
- T 0T
3. Estimate the transforms via equation (4.9), which is iterated until the [T];

parameters converge, while keeping the Gaussian parameters fixed at their

current values.
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4. Calculate the conditional occupancy probabilities ~,(7;6) and 49(r;6), us-
ing the updated values of the transforms, and collect numerator /denominator
statistics for the mean and variance update equations. The numerator statis-

tics for state s are

AT

DIELHCD)
- T # 0T
- L TG

5. Estimate the Gaussian parameters via equations (4.11) and (4.13) using the

updated values of the transforms.

These steps can be repeated as necessary to achieve the required convergence.

4.3 Discussion

This chapter described the integration of Discriminative Linear Transforms into
MMI estimation for Large Vocabulary Speech Recognition. We developed estimation
procedures that find Discriminative Linear Transforms jointly with MMI for feature
normalization and we presented reestimation formulae for this training scenario.
We obtained fully discriminative procedures which were derived by maximizing the
Conditional Maximum Likelihood (CML) auxiliary function.

There are numerous maximum likelihood modeling techniques that incorporate
linear transforms into acoustic normalization and adaptation, as discussed in Chap-
ter 2 and in [48]. Many of those techniques can be transformed into discriminative
modeling techniques in a manner analogous to the approach we have taken here with
the maximum likelihood linear transformation for feature normalization.

For example, the unconstrained model-based transforms [2] and constrained

model-based transforms [46] used in Speaker Adaptive Training are based on Max-
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imum Likelihood estimation. As an alternative to these ML-SAT estimation pro-
cedures, the input transform and the Gaussian model parameters can be estimated
using the CML auxiliary function. Doumpiotis et al. [35, 122, 123] proposed DSAT,
a fully discriminative procedure for unconstrained model-based SAT. This training
procedure estimates both the HMM Gaussian parameters and the unconstrained
linear transforms used in SAT via the CML criterion. McDonough and Waibel [88]
presented a similar technique for performing SAT using the MMI criterion. Analo-
gously, we note that the DLLT framework presented here can easily be modified and
applied for MMI estimation of the constrained model-space transforms and HMM
parameters for SAT [46].

Discriminative criteria have also been combined with Linear Discriminative Anal-
ysis [62]. LDA is a common feature extraction method for speech recognition where
the transforms are estimated under a class separability criterion. Schliiter [111] de-
veloped the Linear MMI Analysis (LMA) in which he replaced the class separability
criterion of LDA with a MMI criterion. Experimental results showed that although
for single densities a relative improvement in word error rate could be observed for
LMA in comparison to LDA, the prominence of LMA diminished with increasing
parameter numbers.

Finally, Goel et al. [51] combined the Subspace Precision and Mean (SPAM)
model [6] with the MMI criterion. The SPAM model which places a general sub-
space constraint on the precision matrices (inverse covariance) and means of all the
Gaussians in a HMM, was initially based on the Maximum Likelihood criterion. The
discriminative counterpart of SPAM outperformed the ML-based SPAM model on
a small digit recognition task.

In the next chapter we will show how the discriminative likelihood linear trans-
forms (DLLT) can be used for feature normalization in HMM training for Large
Vocabulary Conversational Speech Recognition (LVCSR) tasks. Specifically, we will
validate DLLT as an estimation procedure and compare the proposed discriminative

training technique to its Maximum Likelihood counterpart.



Chapter 5

DLLT Performance in Large
Vocabulary Conversational Speech

Recognition

In Chapter 4 we described the integration of Discriminative Linear Transforms
into MMI estimation and we developed estimation procedures that find DLT's jointly
with MMI for feature normalization. In this chapter we will show how this estimation
criterion can be used for feature normalization in HMM training for the transcription
of large vocabulary conversational speech tasks.

The transcription of spontaneous conversational telephone speech is one of the
most challenging tasks for speech recognition technology. Conversational speech is
quite different in tone, speed, inflection, and overall style than scripted speech [116,
117]. Elements such as poor pronunciation, pauses and other disfluencies have major
impact in recognition performance. As a result state-of-the-art systems yield higher
error rates on large vocabulary conversational speech recognition (LVCSR) tasks
than scripted speech and small vocabulary tasks.

The experimental results of this chapter are carried out on such LVCSR task,
i.e. the SWITCHBOARD corpus [50]. It consists of spontaneous conversations from
every major dialect of American English collected over standard telephone lines. We
will first validate the proposed discriminative procedure of Chapter 4 on a subset
of the SWITCHBOARD corpus for fast turnaround. Subsequently, we will present
experimental results using the full SWITCHBOARD corpus.
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5.1 Validating DLLT

In this section a series of experiments will validate DLLT as an estimation pro-
cedure and explore the sensitivity of DLLT to different initialization points. Fur-
thermore, we will compare the proposed discriminative training technique to its
Maximum Likelihood counterpart. We will begin with a description of the system

we worked on and a discussion of the practical DLLT estimation.

5.1.1 System Description

The system is a speaker independent continuous mixture density, tied state, cross-
word, gender-independent, triphone HMM system. The baseline acoustic models
used as seed models for our experiments were built using HTK [136] from 16.4 hours
of Switchboard-1 and 0.5 hour of Callhome English data. This collection defined
the development training set for the 2001 JHU LVCSR system [16]. The speech was
parameterized into 39-dimensional PLP cepstral coefficients with delta and accelera-
tion components [59]. Cepstral mean and variance normalization was performed over
each conversation side. The acoustic models used cross-word triphones with decision
tree clustered states [136], where questions about phonetic context as well as word
boundaries were used for clustering. There were 4000 unique triphone states with 6
Gaussian components per state. Lattice rescoring experiments were performed us-
ing the AT&T Lange Vocabulary Decoder [92], using a 33k-word trigram language
model provided by SRI [121].

The recognition tests were carried out on a subset of the 2000 Hub-5 Switchboard-
1 evaluation set (SwBD1) [85] and the 1998 Hub-5 Switchboard-2 evaluation set
(SwBD2) [84]. The SWBD1 test set was composed of 866 utterances consisting of
10260 words from 22 conversation sides, and the SWBD2 test set was composed of
913 utterances consisting of 10643 words from 20 conversation sides. The total test
set was 2 hours of speech.

To define the number of transforms and assign the Gaussians in the model set to
clusters we employed a variation of the HTK regression class tree implementation
[136]. The basic implementation uses a centroid-splitting algorithm in which similar
states are determined via an Euclidian distance measure between distributions. Here,
all states of every context-dependent phone associated with the same monophone

were assigned to the same initial class. The HTK splitting algorithm was then
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applied to each of the initial classes with the additional constraint that all the
mixture components associated with the same state belong to the same regression
class.

Discriminative training requires alternate word sequences that are representative
of the recognition errors made by the decoder. These are obtained via triphone lat-
tices generated on the training data. Our approach is based on the MMI training
procedure developed by Woodland and Povey [134]. However, rather than accu-
mulating statistics via the Forward-Backward procedure at the word level, we use
the Viterbi procedure over triphone segments. These triphone segments are fixed

throughout MMI training.

5.1.2 Effective DLLT Estimation

By inspecting the definition of G; (equation (4.6)), one can see that large values
of D, make the resulting transform to have dominant diagonal terms when the
covariance X4 in Jg is diagonal. As we showed in Section 4.2.1, the matrix J;
is defined as the expectation of ((? under the reparameterized Gaussian emission

density of state s, given by equation (1.33). That is
12 B = [aG T

For presentation purposes, we also repeat the resulting expression for the J; matrix,

as given by equation (4.4):

J . 1 [A;l(/vbs - br)]T
T A (s = b)) ATS A+ (s — b)) (s — be)T]AST

Now, let us focus on the terms of the submatrix ¥, + (s — b,.) (s — b,)” of the J;
matrix. For brevity we drop the subscripts in the previous expression. The diagonal
terms are o;; + (u; — b;)* whereas the off-diagonal terms are o; ; + (p; — b;)(p; — b;)
for j # ¢. If 3, is assumed to be diagonal then o; ; = 0. Hence, the diagonal terms
dominate slightly when 3., is diagonal. Recall that the J; matrix is multiplied by the
MMI factor Dy (see equation (4.6)). The large values of D; as used in MMI further

exaggerate this effect. In this case, the resulting DLLT transform is effectively
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Transform Reestimation Only (Mean & Variance Fixed)
| Swspl | SWBD2
| ML | 411 | 51.1 |
ML-+MLLT-1it 39.1 50.3
ML-+MLLT-2it 39.4 50.4
ML-+DLLT-1it 38.5 49.7
ML-+DLLT-2it 38.3 49.9

Table 5.1: Word Error Rate (%) of systems trained with MLLT and DLLT and
tested on the SWBD1 and SWBD2 test sets. The HMM Gaussian parameters are
kept fixed at their ML values throughout transform updates.

identity, i.e. T, ~ I. We note that MLLT does not have this problem since it has
no D, or J, terms.

We have found it effective to replace ¥ in J; by the estimate of its full covari-
ance matrix as found from the most recently computed statistics. This is because,
the use of the full covariance form in Jg prevents the diagonal terms from domi-
nating the new transform. We stress however that the full covariance is not used
elsewhere; it is not used in the estimation of the Gaussian emission densities (see

update equation (4.13)).

5.1.3 DLLT Results

We conducted a series of experiments to compare DLLT to MLLT. Throughout
the MLLT experiments [46], we perform one update of the transforms followed by one
update of the Gaussians using statistics, obtained from the Viterbi alignment. These
alignments were obtained from the ML baseline and were kept fixed throughout the
MLLT experiments. Similarly, during DLLT iterations, we perform one update of
the transforms followed by one update of the Gaussians, as described in Section 4.2.3.
The triphone posterior probabilities used during MMI based training were calculated
from the ML baseline and were kept fixed throughout the DLLT updates.

Our first experiment kept the parameters of the HMM observation distributions
fixed at their ML values. Results are reported in Table 5.1. Throughout these
experiments we used a fixed set of 467 transform classes generated by the above
described clustering algorithm. The SWBD1 ML baseline Word Error Rate is 41.1%.
The first and second iteration of MLLT yield Word Error Rate of 39.1% and 39.4%,
showing overtraining at the second iteration. DLLT yields Word Error Rate of
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’ H Iteration ‘
’#Classes‘ H H 0 ‘ 1 ‘ 2 ‘ 3 ‘ 4 ‘ 5 ‘ 6 ‘ 7 ‘ 8 ‘
MLLT SwBD1 || 41.1 | 39.4 | 39.2 | 39.2 139.0 | 38.9 | 38.8 | 387 | 38.8
SwBD2 || 51.1 | 50.0 | 50.3 | 50.4 | 50.3 | 50.2 | 50.2 | 50.2% | 50.1
48
DLLT SWBD1 * 37.6 | 37.4
SWBD2 * 49.5 | 48.8
MLLT SwBD1 | 41.1 | 38.9 | 38.7 | 38.7 | 38.2 | 37.9 | 37.8% | 38.0 | 37.9
SWBD2 || 51.1 | 49.8 | 49.8 | 49.6 | 49.5 | 49.5 | 49.3% | 49.1 | 49.1
223
DLLT SWBD1 * 37.01] 37.0
SWBD?2 * 48.6 | 48.6
MLLT SswBD1 | 41.1 | 384 | 38.2 | 38.2 | 37.7| 379 | 37.8« | 37.9 | 37.8
SWBD2 || 51.1 | 49.6 | 49.5 | 49.3 | 49.2 | 49.0 | 49.0% | 49.0 | 49.1
467
DLLT SWBD1 * 37.11] 36.9
SWBD2 * 48.4 | 48.8

Table 5.2: Word Error Rate (%) of systems trained with MLLT and DLLT and
tested on the SWBD1 and SWBD2 test sets for different number of classes. DLLT
systems are seeded from well trained MLLT systems, indicated by asterisks.

38.5% and 38.3% at the first and second iteration. Similar performance was found on
SwBD2. These experiments show that discriminative estimation of linear transforms
improves over ML estimation for feature normalization.

Our next objective was to see the improvements obtained by varying the number
of transformation classes. For this purpose, we trained three MLLT systems with
48, 223 and 467 transformation classes, all initialized from the ML baseline. The
48 class MLLT system has transforms tied to each state of every context-dependent
phone associated with the same monophone. For the 223 and 467 class MLLT
systems we allow a maximum of 6 and 10 divisions of the original classes, respectively.
Results are reported in Table 5.2. In these MLLT experiments we observe significant
performance gains in using the larger number of transformation classes.

We then performed DLLT, for these same three collections of transformation
classes. In each case, the DLLT system is seeded from a well-trained MLLT system
(indicated by ). We note that in all cases the DLLT systems outperform the MLLT
systems. Best performance is obtained with the larger number of transformation
classes, although the advantages are not as great as with MLLT. This suggests that
DLLT can be effective with fewer transforms than MLLT. For subsequent experi-
ments we use the 467 transformation class set.

In the next set of experiments we explore the sensitivity of DLLT to different
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Tteration MLLT DLLT DLLT
Swep1 | SwsD2 || SwBD1 | SWBD2 || SWBD1 | SWBD2

0 41.1 ol.1 T T * *
17 38.4 49.6 38.2 49.2 37.1 48.4
2 38.2 49.5 37.3 48.9 36.9 48.8
3 38.2 49.3 37.8 48.8 - -
4 37.7 49.2

5 37.9 49.0

6% 37.8 49.0

7 37.9 49.0

8 37.8 49.1

Table 5.3: Word Error Rate (%) of systems trained with DLLT and tested on the
SWBD1 and SWBD2 test sets for two different initialization points.

initialization points. These experiments are shown in Table 5.3. The DLLT sys-
tem is seeded after 1 iteration of MLLT experiments (indicated by f). After two
iterations, DLLT performance is (37.3%/48.9%). For convenience we include in Ta-
ble 5.3 the 467 class MLLT experiments reported in Table 5.2. We also include the
467 class DLLT experiments of table Table 5.2 in which estimation was initialized
after 6 iterations of MLLT experiments. After two iterations, DLLT performance is
(36.9%/48.8%). We find that the latter is superior to performing DLLT after only
1 iteration of MLLT. This shows the importance of a proper initialization of the
DLLT procedure.

We also observe, that DLLT converges in fewer iterations than MLLT. After
two iterations, DLLT yields better performance (37.3%/48.9%) than six iterations
of MLLT (37.8%/49.0%). Moreover, DLLT consistently outperforms MLLT.

We next study the application of MMIE estimation of the Gaussian means and
variances in a system with fixed transforms estimated via MLLT. We call this tech-
nique MLLT+MMIE following Ljolje [82], in Table 5.4. We compare this to a
similar approach in which the transforms are estimated via 1 iteration of DLLT
and then fixed prior to further MMIE Gaussian estimation. We call this technique
DLLT+MMIE in Table 5.4. Both procedures were initialized with the well trained
MLLT system of Table 5.3 found at iteration 6. The similar performance found in
these scenarios is not surprising, in that enough in domain data are available to
allow discriminative estimation of the unconstrained observation distributions. This
clearly dominates the intermediate calculations of the underlying transforms.

Finally we calculate the value of the CML objective function (equation 1.17) as
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Tteration MLLT+MMIE DLLT+MMIE
SweD1 | SwBD2 | SWBD1 | SWBD2
0 * * * *
1 37.6 48.7 36.7 48.6
2 37.0 48 .4 36.8 48.9
3 36.9 48.7 - -

Table 5.4: Word Error Rate (%) of systems trained with MLLT+MMIE and
DLLT+MMIE is seeded from models found after 6 MLLT iterations.

Iteration CML Objective Function
log P(W|0; 6)
0 -2.15E05
1 -1.80E05
-1.53E05

Table 5.5: The value of the CML objective function as a function of the iteration
number for the DLLT-467 system. Iteration 0 indicates the MLLT baseline.

a function of the iteration number for the DLLT-467 system. Results are reported in
Table 5.5. In iteration 0 (the MLLT baseline) the value of the CML objective func-
tion is —2.15F£05, in DLLT-467 iteration 1 is —1.80E£05 and in DLLT-467 iteration
2 is —1.53FE05. These results confirm that the CML objective function is increasing
under the estimation procedure for DLLT.

The experimental results of this section demonstrated the effectiveness of the pro-
posed discriminative training procedure relative to maximum likelihood for feature

normalization.

5.2 DLLT Performance on SWITCHBOARD

The experiments described in this section were conducted during the develop-
ment of the 2002 JHU LVCSR system [103] which was build for the 2002 NIST Rich
Transcription evaluation of English conversational telephone speech transcription.
The 2002 JHU LVCSR system and the system of Section 5.1 have mostly the same
architecture. However, the former was built from the full SWITCHBOARD corpus
which is almost ten times bigger than the development training set used to vali-
date DLLT. Furthermore, the 2002 JHU LVCSR system incorporates Vocal Track
Normalization (VTN). Thus, in this section we explore the effectiveness of DLLT

trained from a much bigger acoustic set and in conjunction with VTN.
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5.2.1 2002 JHU LVCSR System Description

The acoustic model of the 2002 JHU LVCSR system was trained from 150 hours
of Switchboard-1 and 15 hours of CallHome transcribed acoustic data. The speech
was parameterized into 39-dimensional PLP cepstral coefficients with delta and ac-
celeration coefficients. Cepstral mean and variance normalization was performed
over each conversation side. Initial estimates of Vocal Tract Normalization (VTN)
parameters were obtained using Gaussian Mixture Models. VTN was based on
Sine-Log All-Pass (SLAPT-2) [86] parameterized transformations applied directly
to the PLP cepstra. The acoustic models used cross-word triphones with decision
tree clustered states [136]. There were 8340 unique triphone states with 16 Gaussian
components per speech state. The language model used was the SRI 33K word back-
off trigram language model that contained multiwords [121]. A detailed description
of the system is available [103].

The recognition tests were carried out on the development set used during the
training of the 2002 JHU LVCSR system. This set consisted of the 2000 Hub-5
Switchboard-1 evaluation set (SWBD1F) [85] the 1998 Hub-5 Switchboard-2 eval-
uation set (SWBD2F) [84] and the Switchboard-2 Cellular set (CELL). The total
development set was approximately 6 hours of speech. All the experimental results

reported here include unsupervised MLLR speaker adaptation.

5.2.2 DLLT results on SWITCHBOARD

Acoustic model training was performed in stages with successively more complex
acoustic model being applied in later stages. Initial acoustic models (HMM Set
A) were trained under the maximum likelihood criterion using cepstral mean and
variance normalized data. Then three iterations of single-pass retraining [136] were
performed to derive a set of HMMs (HMM Set B) for the SLAPT-2 VTN normalized
acoustic training data. One iteration of Maximum Likelihood Linear Transform
(MLLT) estimation were performed to refine HMM Set B. The estimation of the
linear transforms and Gaussian parameters was performed as a two-stage procedure.
The affine transforms were first estimated while keeping the Gaussian parameters
fixed. Subsequently, the Gaussian parameters were computed using the updated
values of the affine transforms. All these estimation steps were done under the ML

criterion. A set of 1500 regression classes were used for the affine transforms.
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| System | SwBD1F | SWBD2F | CELL |
ML 25.0 40.2 39.9
MLLT 24.7 39.2 39.8
MLLT+MMIE 24.2 38.7 39.2
DLLT 24.0 38.7 38.8

Table 5.6: Word Error Rate (%) of DLLT system trained from the full SWITCH-
BOARD data and tested on the SWBD1F, SWBD2F and CELL test sets. Results are
reported with unsupervised MLLR speaker adaptation.

One iteration of Discriminative Likelihood Linear Transform estimation (DLLT)
was then performed. The estimation of the linear transforms and Gaussian pa-
rameters was performed again as a two-stage iterative procedure. The Conditional
Maximum Likelihood (CML) criterion was first maximized with respect to the affine
transforms while keeping the Gaussian parameters fixed. Subsequently, the Gaus-
sian parameters were computed using the updated values of the affine transforms.
All these estimation steps were done under the CML criterion. The same set of
1500 regression classes, used in MLLT, were used for the DLLT transforms as well.
Moreover, since in Section 5.1 we found that DLLT works best when initialized by
MLLT, the DLLT transforms were initialized by the MLLT transforms. Finally, two
iterations of MMI was applied incorporating the results of DLLT estimation.

For comparison we have also trained a hybrid ML/MMI acoustic model. This
hybrid model, termed MLLT+MMIE, combined the MLLT transforms with the MMI
estimation of HMM Gaussian parameters. These transforms were found using ML
estimation techniques and were then fixed throughout the subsequent iterations of
MMI model estimation.

The recognition results on the development set with unsupervised MLLR speaker
adaptation for the aforementioned acoustic models are shown on Table 5.6. We first
observe that feature normalization obtained via the ML criterion in HMM training
improves the performance of the baseline ASR system (ML vs. MLLT). Then we
observe that discriminative training of the Gaussian means and variances further
improves performance (MLLT vs. MLLT+MMIE). Finally, the fully discriminative
procedure which estimates both HMM acoustic parameters and linear transforms
under the CML criterion outperforms both ML training and the hybrid ML/MMI
training (MLLT vs. DLLT and MLLT+MMIE vs. DLLT).

The results reported here are in accord with the results of Section 5.1 in which we
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validated the DLLT procedure using a ten times smaller training set. Furthermore,
it is worth noticing that the DLLT normalization procedure is still effective for
an ASR system that incorporates Vocal Track Normalizing (VTN) transforms and
unsupervised MLLR speaker adaptation on the test side.

5.3 Summary

In this chapter we investigated the use of discriminative linear transforms for fea-
ture normalization in HMM training for Large Vocabulary Conversational Speech
Recognition (LVCSR) tasks. The experimental results were carried out on the
SWITCHBOARD corpus [50] which consists of spontaneous conversations from ev-
ery major dialect of American English collected over standard telephone lines.

We first discussed modeling approximations needed for their effective implemen-
tation. Specifically, we found that when the covariance matrix 3 in J (equation 4.4)
is diagonal, then the resulting DLLT transform had dominant diagonal terms and
was effectively the identity matrix. Replacing ¥, in Jg by the estimate its full co-
variance matrix prevented the diagonal terms from dominating the transform. We
emphasize however that the full covariance matrix was not used in the estimation
of the Gaussian emission densities.

This new fully discriminative training procedure was first validated on a small
subset of the Switchboard corpus and gave approximately 0.8% absolute Word Error
Rate improvement over the ML estimation procedure. Another goal of the exper-
iments was to identify a proper initialization point for the proposed discriminative
technique. It turns out that DLLT works better when initialized by MLLT instead
of the identity transform. We have also confirmed that the MMI objective function
is increasing under the DLLT estimation procedure.

We then applied the DLLT training procedure on the 2002 JHU LVCSR sys-
tem, which was build for the 2002 NIST Rich Transcription evaluation of English
conversational telephone speech transcription. This ASR system apart from the
DLLT transforms included another normalization procedure, i.e. Vocal Track Nor-
malization. Furthermore, decoding was performed with unsupervised MLLR speaker
adaptation on the test side. The experimental results conducted using the 2002 JHU
LVCSR system reconfirmed that fully discriminative procedures outperform both

ML training and hybrid ML/MMI training. We also note that iterative estimation
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of the DLLT and HMM parameters yielded optimum results.
We conclude that the DLLT provides a discriminative estimation framework
for feature normalization in HMM training for LVCSR tasks that outperforms in

recognition performance its Maximum Likelihood counterpart.



Chapter 6

Structural Maximum-A-Posteriori

(MAP) Linear Transforms

In Chapter 4 we described how the maximum mutual information (MMI) crite-
rion can be used for feature normalization in HMM training. A fully discriminative
training procedure that estimates both the linear transform and Gaussian param-
eters under the MMI criterion was obtained. In this chapter we investigate the
estimation of linear transforms for feature normalization under another popular cri-
terion: the maximum a posteriori (MAP) criterion.

As we discussed in Section 1.6.3, the MAP estimation framework provides a
way of incorporating prior information about the model parameters in the training
process. This is particularly useful when training data are sparse and, hence, the
ML approach can give inaccurate estimates. Prior density estimation issues are also
addressed by the use of a hierarchial tree structure in the transform parameter space.
A hierarchical tree structure can provide a better use of the adaptation data since
transformations are hierarchically derived; the global transformations are being used
to constrain the estimation of the more local transformations.

First, in Section 6.2, we will review the maximum a posteriori linear regres-
sion (MAPLR) [118] adaptation algorithm. MAPLR is a Bayesian counterpart
of the maximum likelihood linear regression (MLLR) [74, 75] adaptation. While
MLLR is based on ML estimation, MAPLR is based on MAP estimation. We will
also review in Section 6.3, the structural maximum a posteriori linear regression
(SMAPLR) [119] adaptation algorithm. SMAPLR is a structural MAP approach to

improving the MAPLR estimates of the model-space linear regressions. Finally in

54
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Section 6.4, we will propose a novel estimation framework for feature-space trans-
forms based on the MAP criterion inspired by the structural MAP estimation treat-

ment of model-space transforms presented by Siohan et al. [119].

6.1 MLLR Adaptation

The goal of Acoustic Adaptation techniques (see Section 2.1) is to compensate
for the differences between the speech on which the system was trained and the
speech which it has to recognize. The maximum likelihood linear regression (MLLR)
[74, 75] adaptation scheme parameterizes the state-dependent Gaussian densities of

the acoustic HMMs by affine transformations of the means u:

where T=[A b] and i = [1 pJ7 is the extended mean vector.

The transformation parameters 7" are estimated via the ML criterion (see Sec-
tion 1.6.1) from the test data (6%,1&?), called adaptation data. 6. are the observed
acoustic data 6§ and @} the corresponding transcription. When the correct word-
string transcription is known, the method is a supervised adaptation scheme. In
unsupervised adaptation the correct word-string transcription is not known. In this
case, the usual approach is to first recognize the adaptation data to get the best
word-string transcription. According to the ML criterion, given by formula (1.10),

the transformation parameters are found as

TML) — arg max P(6§|Mw{z; T,0) (6.1)
T

where 6 are the usual HMM parameters and P(6;|Mwia; T,0) is the likelihood func-
tion of the adaptation data given the transformed model.

Usually, the amount of adaptation data is significantly less than what is used for
the training of the initial models. To avoid introducing more parameters than can be
reliably estimated, transforms are tied across sets of states. The sets of states and,
therefore, the clusters of mean parameters that share a common transformation, are

typically obtained by dynamically controlling the number of clusters based on the
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available amount of adaptation data.

MLLR makes use of a regression class tree to group the state-dependent emission
densities in the model set. The tree is constructed so that states that are close in
acoustic space are clustered together and, thus, similar states are transformed in a
similar way. The tying of each transform across a number of states makes possible
the adaptation of all state-dependent distributions even for those that there are no
observations at all. The number of transformations is controlled by the use of a
minimum occupancy threshold. If only a small amount of data is available then
a global transform can be generated. However, as more adaptation data become
available, the occupancy in lower layers of the tree can exceed the predetermined
threshold and, therefore, more transforms may be generated. Each transformation
is now more specific and applied to finer groups of states.

The effect of this transformation is to adjust the means in the initial model
so that each HMM state is more likely to have generated the adaptation data.
Under this description, MLLR finds transformations that put as much probability
mass as possible on the adaptation data. However, when only a small amount of
adaptation data is available it may not be representative of the statistical properties
of the target acoustics and may lead to the well known overtraining property of the
maximum likelihood estimator. To overcome overtraining MLLR can be combined
with Bayesian methods. In general, Bayesian methods introduce some constraints
on the values of the parameters to be estimated. Such a technique is discussed in

the next section.

6.2 MAP Linear Regression

Here, a Bayesian counterpart of the MLLR adaptation is discussed based on
maximum a posteriori estimation. As we discussed in Section 1.6.3, in MAP the
parameters to be estimated are assumed to be random variables and, therefore, are
described by their prior density function. Under the linear regression adaptation
scheme, the parameters to be estimated are the transforms. Thus, we assume that
T are random variables having p(7) as a prior density.

According to the MAP criterion, expressed by formula (1.22), given some adap-
tation data (6{, W) the MAP estimate of T is defined as the mode of the posterior
pdf of T'. That is
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TOIAP) = argmax p(6} | Mya, T3 0) p(T) (6.2)
T

where 0 are the usual HMM parameters and p(él; | My, T} 0) is the likelihood function
of the adaptation data given the transformed model.

Note that the likelihood function p(éﬂMw?,T; ) in equation (6.2) is the ob-
jective function for the MLLR estimate (see equation (6.1)). Thus, the difference
between the MAP and ML objective functions is the prior term in the MAP ob-
jective function. If 7' is assumed to be fixed but, unknown, which is equivalent to
assuming a noninformative or improper prior [79], then equation (6.2) reduces to the
corresponding ML equation (6.1).

Under this approach, the traditional MLLR [74] algorithm is reformulated under
the Bayesian framework by introducing a prior distribution for the affine transfor-
mation matrices leading to the maximum a posteriori linear regression (MAPLR)
algorithm [118]. The MAP solution is strongly related to the choice of the prior
distribution family and the specification of the parameters for the prior densities.
As we discussed in Section 1.6.3, the common practice in Bayesian learning is to
use conjugate priors. However, unlike MAP estimation of HMM parameters [49],
there is no conjugate prior distribution for the transformation parameters [20]. The
MAPLR algorithm uses a prior density from the elliptically symmetric distribution

family as suggested by Chou [20], i.e. the matrix variate normal distribution [58]:
1
g(Tsm) oc [ @7V exp{— tr (O7HT = A)TTHT = A)T)}  (6.3)

where T, A € R™ ™) ¢ ¢ R™™ & > 0, U € R § > (. The param-
eters of the matrix variate normal distribution g(-; 1) are n = {A, U, ®}. Using
g(:; m), as a prior for the transformation parameters, the MAP estimate of the
transformation can be derived under closed form via the EM algorithm.

The matrix variate normal distribution, which is defined above in equation (6.3),
is related to the location-scale family of distributions [90]. A random variable X
belongs to the location-scale family of distributions if its cumulative distribution

function F'(-) can be expressed as
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g

Pr(X <z)=F(z;p,0) = Q (’3_“), (6.4)

where €2 does not depend on any unknown parameters. In this case we say that oo <
[ < oo is a location parameter and that o > 0 is a scale parameter. Substitution
shows that €2 is the cumulative distribution function of X when ¢ = 0 and o = 1.
Also, Q is the cumulative distribution function of (X — p)/o. For the matrix variate
normal distribution (see equation (6.3)), A is the location parameter and ¥ and ¢
are the scale parameters.

Although the MAP estimation approach provides a framework to overcome es-
timation problems posed by sparse training data, the need for a prior distribution
makes the parameter estimation more complex. This is because additional parame-
ters, the hyperparameters, are needed to describe the prior distribution itself. The
solution proposed in MAPLR is to derive the parameters of the prior distribution
from the speaker independent models. Despite providing more robust estimates
than MLLR, this ad-hoc approach might not give an accurate prior distribution. As
an alternative, prior densities for the transformation parameters can be hierarchi-
cally structured in a tree, as proposed by Siohan et al. [119]. This structured prior

information approach is reviewed in the next section.

6.3 Structural MAP Linear Regression

Siohan et al. [119] proposed the structural maximum a posteriori linear regression
(SMAPLR) adaptation technique. SMAPLR extends the MAPLR technique by
adding structure to the transformation priors. In MAPLR, the regression tree is
only used to define the transformation clusters. The same tree can also be used to
establish a hierarchical prior framework over the transforms used in MAP estimation.
In SMAPLR, it is assumed that the prior density p(T}) for estimating a transform
at tree layer k, is based on some knowledge about the corresponding parent node
at layer k — 1. Specifically, the prior density p(T}) is selected from the matrix
variate normal family g(-) (see equation 6.3). Then, the prior p(T}) is specified
by parameters estimated under the posterior distribution p(7Ty_1|0x—1, wk—1) of the
corresponding parent node at layer k — 1. The pair (0x_1, wy_1) denotes the training

data associated to the node at tree layer kK — 1. Following a top-down process, as
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p(T2’62:w2) e

Figure 6.1: Tree-structured SMAPLR algorithm. The adaptation data associated
to a node ¢ is denoted (0;,w;). The corresponding prior density is denoted p(T;).
For each children i of parent j, the prior density p(T;) is specified by parameters
estimated under the posterior distribution p(7}|6;, ;) of the parent. From Siohan
et al. [119].

illustrated in Figure 6.1, the transforms associated with each node in the tree can
be estimated using the same prior/posterior principle.

Under this hierarchical tree structure, the estimation in a given node is con-
strained via the prior density, which is specified by parameters estimated under the
posterior distribution of the corresponding parent node. As we move toward the leaf
nodes, the data associated with the corresponding nodes become sparser. The prior
densities become dominant and therefore the posterior densities are less modified.
This prevents overtraining even for transforms derived close to leaf nodes, since the
prior information has been obtained from the top nodes.

Given this hierarchical prior framework of the SMAPLR scheme, the selection
or estimation of the parameters of the matrix variate normal priors n = {A, ¥, &} is
briefly reviewed next. As we mentioned above, the prior distribution p(7}), which is
modelled by ¢g(-), at tree layer k is specified by parameters estimated under the pos-
terior distribution p(Ty_1|0k_1, Wk_1) of the corresponding parent node at layer k—1.
Specifically, the mode Ay, of the prior p(7}), which is also the location-parameter as

we mentioned in the previous section, is set as the mode of the posterior distribution



60

P(Tx—1|0k—1,Wx—1). The mode of p(Ty_1|0k—1, Wk—1) is the MAPLR estimate Tk(%AP),

as given by formula (6.2). Hence, the Ay hyperparameter is set as

Ay = TMAP) (6.5)

We next estimate the ¥, and ®, hyperparameters. One of the advantages of using
matrix variate normal priors is that they are related to the location-scale family.
As we discussed in the previous section, A, is the location parameter and ¥ and
® are the scale parameters. Thus, once the location parameter Aj is determined
the scale of the prior distribution is controlled by the two hyperparameters ¥, and
®). In SMAPLR the estimation of T} is simplified by fixing W) to the identity
matrix, ¥, = I, and setting ®; to a scaled identity matrix, &, = ¢- I. Given these
approximations and equation (6.5), the prior distribution (equation (6.3)) at at tree

layer k reduces to
1 _ _
p(T) o M exp {2 (c*(Tk — TMAPY T,gﬁﬁf‘f’))T)} (6.6)
since

v l=I't=1
Wyl = [I[ =1
o l=(c-I)t=ct1
k| = e I| =™ - [I[ =c"

Therefore, the scale of the prior distribution is controlled only by the scalar coeffi-

clent c.

6.4 MAP Feature-Space Transforms

We have reviewed so far an HMM adaptation technique using linear regression

based on maximum a posteriori estimation. The transformation parameters were
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constrained using a prior distribution. A hierarchical tree structure in the transfor-
mation parameter space was assumed. Each node in the tree represents a cluster
of Gaussian emission densities sharing a common transformation for their mean
parameters. The posterior distributions for the transformation parameters at one
level were used to specify the prior densities for the transformation parameters at
adjacent levels.

In MAP estimation the use of prior information for the transformation parame-
ters reduces significantly the risk of overfitting the adaptation data. Moreover, the
hierarchical tree structure in the transformation parameter space provides a bet-
ter use of the adaptation data since transformations are hierarchically derived; the
global transformations are being used to constrain the estimation of the more local
transformations, i.e transformations at lower levels of the tree structure.

We now turn our attention to the estimation of affine transformations of the
feature vector for feature normalization. In MLLT the feature-space transforms are
derived under the ML criterion. Thus, the well known overfitting property of the
ML estimators affects the MLLT estimates as well. Our goal is to derive a structural
MAP estimation framework for the transformations applied to the feature vectors.
This MAP framework will serve as an alternative to the ML estimation of linear

transforms for feature normalization.

6.4.1 MAP Estimation of Feature-Space Transforms

As we discussed in Section 1.7, feature normalization applies affine transforms
to the m dimensional observation vector o so that a normalized feature vector is
found by equation (1.26). In this section, we will provide a detailed derivation for
the estimation of feature-space transforms under the MAP criterion, as given by
formula (6.2).

In the remainder of this section, we derive the EM update equation for the param-
eters of the transforms. In the acoustic hidden Markov model (HMM) framework,
the HMM state sequence is unknown and usually the EM algorithm [29] is employed
to derive Maximum Likelihood estimates. For example, in MLLT the parameters of
the transforms are found using an EM approach [46]. Here, we are interested in the
MAP estimates of the transforms instead of the ML estimates. As we mentioned

in Section 1.6.3, the MAP estimate can also be formulated in an EM algorithm
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as described by Dempster et al. [29]. Therefore, the MAP estimate is found by
maximizing the auxiliary function of equation (1.23).

In the case of acoustic HMMs we can substitute equation (1.15) into equa-

tion (1.23). This yields

R(T,T)=C+ ZZ% - T,0)1og q(C.|s: 0, T) + log p(T) (6.7)

where the constant C' is independent of the transformation parameters T'; v5(7; T, 6) =
qs., (s|Mw{L, 65; T,0) is the conditional occupancy probability of state s at time 7 given
the training acoustics 6§ and the composite model Mw? that corresponds to the
transcription @} and q(éT|5; 05, T) is the reparameterized state-dependent Gaussian
density of equation (1.33).

Hence, substituting equation (1.33) in the above expression gives

RTT) = 32 3 26) (lou(lA]) = 576~ )T ) ) +log(T)

s 1=1

(6.8)

In accordance with the MAPLR technique [118], we select a prior density p(T") for
the matrix 7" from the elliptically symmetric distribution family. Specifically, we use
the matrix variate generalization of the multivariate normal distribution, 7.e., matrix
variate normal distribution which is shown in equation (6.3). Hence, substituting the
matrix variate normal prior (6.3) into the auxiliary function (6.8) yields (ignoring

all terms independent of T'):

= 5% urs,8) (tog1AD - ST~ p) S TG - )

1 _ _ _ _
—gtr (@ 'TU T — AU T — I TU AT

(6.9)

Given that X, are constrained to be diagonal covariance matrices, we rewrite the

auxiliary function (6.9) as
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R(T, T) = Blog(pT7)) - 5 D ((TLGHTT): — 20T
i=1 (6.10)

1 _ _ _ _
—gtr (@ 'TO'TT — AU T — I TU AT

where [T]; denotes the i*" row of T'; p; is the extended cofactor row vector [0 ¢;1 ... Cinl,

(cij = cof(A;j)) and

SZ

[
1
Gi=) — ;% mT,0)¢,CT (6.11)

s

i
ks _Z“S’ Z_;% (6.12)

B=> D (rT.0) (6.13)

Differentiating the auxiliary function (6.10) with respect to each row vector of [T7];

and equating the result to zero, we obtain:

— (k + %[@—1/\\1/‘1]1» + %[<I>‘TA‘I"TL) (6.14)
Fg (6w )

where (¢71);; is the (4, 7) element of the matrix ®~*. Rewriting equation (6.14) in

a compact form

where
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- 1
G =G+ §(¢‘1)¢,i(\11‘1 + \IJ‘T) (6.16)
and
ki = ki + %[@—lAw—l]i + - [@TATTY,
1 (6.17)
=5 2 MT; ((Wl)i,j‘yl + (¢71)m‘1’7T>

reduces to the familiar form of the MLLT equation (Equation B1.1, [46]). An iter-
ative solution to the optimization of equation (6.15) is described by Gales [46], in
which each row of T' is optimized given the current value of all the other rows. It

can be shown that the i*" row of the transformation matrix is found by
T); = (api+ ki) G (6.18)

where « satisfies a quadratic expression (Equation B1.8, [46]).

By inspecting the update equation (6.18) and the definition of k; (equation (6.17)),
we can see that each row of T, [T);, is optimized given the current value of all other
rows and the cofactor vector p;. Specifically, to reestimate the i** row of T" we need
to compute the Gz and /;:Z accumulators and the cofactor vector p;. Note that the
computation of k; (equation (6.17)) involves a weighted sum over the current values
of all other rows, i.e. [T, for all j # 4, of the transform 7. Also, the cofactor vector
pi in the update formula (6.18) should correspond to the current estimate of the
transform. Therefore, in order for the new row [T]; to be optimized it is necessary

to update k; and the cofactor vector p;, given the current value of all other rows.

6.4.2 Relationship Between MAP and ML Feature-Space

Transforms

In MLLT [46] the i"* row of the transformation matrix is given by
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[T]; = (api + ki) G (6.19)

where G; and k; are given by equations (6.11) and(6.12) respectively.

By inspecting the MAP update equation (6.18) and the ML update equation (6.19)
we can see that are similar, except for the additional terms in the definition of G;
and k;. These additional terms are related to the prior density. When the amount
of training data is large, these terms become negligible and the MAP estimate be-
comes equivalent to the ML estimate. On the other hand, if only a small amount
of data is available, the prior-related terms act as regularization terms to the MAP
reestimation formula. As a result, it can be ensured that estimates that deviate

from the prior are penalized, and are therefore robust.

6.5 Structural MAP Feature-Space Transforms

In order to carry out the MAP estimation of feature-space transforms it is nec-
essary to specify the parameters n = {A, W, ®} for the prior densities. Following
the SMAPLR approach [119], it is possible to structure the prior densities for the
transforms hierarchically in a tree structure (see Figure 6.1).

The tree can be constructed using any appropriate clustering method. One
possibility is to cluster the Gaussian components is the HTK regression class tree
approach [136]. This implementation uses a centroid-splitting algorithm in which
similar Gaussian components are determined via an Euclidian distance measure
between distributions. As an alternative, Watanabe et al. [132] use the Kullback-
Leibler distance function as a distance measure between the state-dependent Gaus-
sian components.

Under this structural approach, the prior distribution p(7}) at tree layer k is
specified by parameters estimated under the posterior distribution p(Ty_1|0k_1, Wk_1)
of the corresponding parent node at layer k—1. Specifically, the mode A, of the prior
is set to the mode of the posterior distribution P(T}_1|0x_1,wy_1). Let j be a given
node and ¢ be its parent node. The mode of the posterior in node i is the MAP
estimate T; of the transformation matrix T;, as given by equation (6.18). Hence,

in accordance to equation (6.5), we set A; = T,. This approximation provides a
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transformation estimate Tj, associated with node 7, that is in some sense ’close to’
the MAP estimate 7} obtained in its parent node 7, through the prior constraint.
The scale of the prior distribution g(7};7) is controlled by the two hyperparam-
eters {®;,¥;}. By introducing some additional assumptions for the structure of
the scale parameters {®;, ¥;}, it becomes possible to simplify the estimation of the
transforms. Following Siohan et al. [119] we can fix ¥ to the identity matrix, ¥ = I,
and set ® to a scaled identity matrix, ® = ¢ - I. Given these approximations, the
prior distribution of (6.3) reduces to equation (6.6). Furthermore, G; and k; can be

rewritten as

~ 1
G,‘ = Gl + 50_1 <I_1 +]_T>

=Gi+c I (6.20)

and

3 1 1
ki =k; + 5[((:])’1AI’1]2- + 5[(cf)*TArT]i

= ki + ¢ M), (6.21)

since the off-diagonal terms (¢~1); ;,V j # i of =1 are zero.

By inspecting equations (6.20) and (6.21), we can see that these simplifications
allow to control the scaling of the prior distribution only with a scalar coefficient
c. As ¢ decreases, the influence of the terms related to the prior increases. On the
other hand, as ¢ increases, the influence of the prior decreases and the MAP estimate
of the transform relies mainly on the training data. At the limit, i.e. setting ¢ to
infinity, the prior information vanishes and equations (6.20) and (6.21) reduce to
equations (6.11), (6.12) correspondingly. Hence, as ¢ — oo, the MAP reestimation
formula (6.18) approaches the ML one (6.19), exhibiting the asymptotical similarity
of the two estimates.

In summary, at a given node j first the location parameter A; of the prior is
determined by setting A; = T, where T} is the MAP estimate of the parent node 4.
Then, a judicious choice of the scale coefficient ¢ ensures robustness by keeping 7}

close to T;. One possibility is to adjust the scaling factor ¢ based on the depth of
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the tree. Based on the above discussion, for the scaling of the prior by ¢, we could
set a large ¢ at the root node and decreasing it for the nodes close to the leaves of
the tree.

The proposed structural MAP feature-space estimation algorithm is summarized

in the following steps:

1. Start at the root node (indexed by 1) with an initial prior distribution p(7})
from the matrix variate normal density centered at an identity transformation

at the root node. That is, set A; = 1.

2. Derive the MAP estimate T} given the training data (6;, ;) associated with

the root node using equation (6.18).
3. Explore the tree in a breadth-first manner. For each node j of parent ::

(a) Set the hyperparameter A; of the prior distribution to the MAP estimate
T, of the parent node i. That is set Aj = T..

(b) Derive the MAP estimate T} given the training data (6;, ;) associated
with node j using equation (6.18).

6.6 Discussion

In Sections 6.4 and 6.5 we introduced a novel structural maximum a posteriori
(MAP) estimation framework for feature-space transforms inspired by the struc-
tural MAP estimation treatment of model-space transforms presented by Siohan
et al. [119]. A Bayesian counterpart of the maximum likelihood linear transforms
(MLLT) was formulated based on MAP estimation. Prior density estimation issues
were addressed by the use of a hierarchial tree structure in the transform parameter
space. Under this structural framework, the posterior distributions for the trans-
forms at one level were used to specify the priors for the transforms at adjacent levels.
This could prevent overtraining even for transforms derived close to leaf nodes since
the prior information has been obtained from the top nodes. The proposed struc-
tural MAP estimation framework for feature-space transforms is particularly useful
when training data are sparse for which the ML approach, i.e. MLLT, may give

Inaccurate estimates.
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The prior distribution of the transformation parameters T° was selected from
the family of elliptically symmetric distributions. In general, transformation-based
adaptation schemes under elliptically symmetric priors have close-form solutions.
The same prior distribution was used by Chou [20] and Siohan et al. [119] for max-
imum a posteriori linear regression (MAPLR) based model adaptation.

In a different approach, Wang and Zhao [131] used as a prior the generalized
Gaussian density (GGD), also known as power exponential distribution. In the
GGD model a shape parameter describes the exponential rate of decay and, in
general, the shape or skewness of the distribution. Smaller values of the shape
parameter correspond to heavier tails and therefore to more peaked distributions.
The authors proposed a recursive Bayesian estimation approach for transformation-
based adaptation using an EM variant with a second order iterative M step. Thus,
the parameter estimation was based on a gradient ascent rather than closed-form
solution. This recursive learning technique allowed the use of heavy-tailed priors,
i.e. the GGD model, rather than conjugate or elliptically symmetric priors. The
authors found that heavy tailed a priori density functions gave better recognition
performance. However, the use of such heavy tailed priors came at the expense of a

closed-form solution.



Chapter 7

Cross-Corpus Normalization Of

Diverse Acoustic Data

The previous chapters discussed estimation procedures for feature-space linear
transforms under three widely-used estimation criteria: Maximum Likelihood, Max-
imum A Posteriori and Maximum Mutual Information. In Chapter 4 we showed how
the MMI criterion can be used for feature normalization in HMM training. A fully
discriminative training procedure was obtained that estimates both the linear trans-
form and Gaussian parameters under the MMI criterion. In Chapter 6 we described
a structural MAP estimation framework for feature-space transforms. A Bayesian
counterpart of the maximum likelihood linear transforms (MLLT) was formulated
based on the maximum a posteriori estimation. This structural MAP estimation
procedure for feature-space transforms provides a framework to overcome estima-
tion problems posed by sparse training data for which the ML approach, i.e. MLLT,
may give inaccurate estimates.

In this chapter we investigate the use of heterogeneous data sources for acoustic
training. One of the prominent problems in modelling the process of speech com-
munication is that of variability. This problem is further exaggerated by the use of
diverse acoustic data. To tackle variability across acoustic sources we will employ
the feature normalization techniques discussed in earlier chapters. We will describe
an acoustic normalization procedure for enlarging an ASR acoustic training set with
out-of-domain acoustic data. A larger in-domain training set is created by effectively

transforming the out-of-domain data before incorporation in training.

69
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7.1 Acoustic Training from Heterogeneous Data

Sources

The common refrain in automatic speech recognition (ASR) system development
is that when it comes to acoustic training, there’s no data like more data [91]. At
the same time, data added should somehow be similar to the existing data set which
in itself should be closely related to the final task to which the ASR system will
be applied. Any number of contributing factors, such as language, dialect, acoustic
channel, sampling rate, domain or topic, speaking style, speaker age and education,
enter into the characterization of an acoustic training set.

Typically data are available from a single source, such as a single controlled
data collection effort that gathers speech from a known population under somewhat
controlled circumstances. This yields a relatively homogeneous collection of speech,
and models trained on such a collection will perform well when incorporated into
an ASR system evaluated on new speech of a similar nature. However, if a second
collection of speech differs in any of these or other dimensions, for instance if the
acoustic channel varies, simply adding the second collection to the first collection to
create a larger acoustic training set may in fact lead to degradation in recognition
performance. Loosely speaking, if the model is not able to account for the added
variability, the acoustic model training process will be disrupted. This chapter
focuses on simple acoustic normalization techniques that we show make it possible
to augment an acoustic training set with diverse speech data that would otherwise
lead to performance degradation.

Many approaches have been proposed to model unwanted variations in sampled
speech and language. In Chapter 2 we reviewed several techniques applied in acoustic
modeling based on linear transformations. These techniques reduce non-informative
variability between speech frames or adjust the acoustic models to better match a
desired condition. Language modeling can also benefit from techniques to incorpo-
rate out-of-domain data from the same language [64, 63] or in-domain data from
other languages [69].

Here, we describe an acoustic normalization procedure for enlarging an ASR
acoustic training set with out-of-domain acoustic data. The approach is a straight-
forward application of model-based acoustic normalization techniques used to map

the out-of-domain feature space onto the in-domain data. In this way, a larger in-



71

In-Domain In-Domain
Training Set Test Set

Out-of-Domain o
Training Set 1 Normalization of Speec

In-Domain

Acoustic Model Training Recognizer

Out-of-Domain
Training Set N

—

Normalization of Speec]

Figure 7.1: Schematic diagram of the cross-corpus acoustic normalization. Fach
out-of-domain feature space is transformed before being used in training.

domain training set is created by effectively transforming the out-of-domain data
before incorporation in training. A schematic diagram of the proposed acoustic
normalization procedure is illustrated in Figure 7.1. This acoustic normalization
procedure yields a relatively homogeneous in-domain collection of speech, and mod-
els trained on such a collection will perform well when incorporated into an ASR
system evaluated on new speech of a similar in-domain nature. Moreover, any ap-
propriate adaptation scheme can be used to fine-tune the model parameters to new

speech.

7.2 Cross-Corpus Normalization

We start with a collection of C' training sets (¢ = 1,...,C), where ¢ = 1 de-
notes the in-domain data set. Assuming that the in-domain training data are suffi-
ciently representative of the type of speech expected to be recognized, our modelling
technique transforms the out-of-domain feature space to match the space of the in-
domain training population. The transformed acoustic feature vector o is found as
Ao + b, where A is a nonsingular matrix and b is a vector. It is these transforms
[b A] that will be estimated over the out-of-domain training sets. Although this
modeling approach is quite general and could be extended to a variety of normal-

ization techniques and estimation criteria, we study only transform-based acoustic
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normalization in HMMs under the maximum likelihood (ML) estimation criterion.

Following equation (1.33), the emission density of state s is reparametrized as

|A§§%s>| — LTS =) TSN (T =)
q(Cls, 6;0) = —m———==e" 2 RE>TT T TR, (7.1)
(2m)™ 5]

Note the dependence on c¢ ; the observation distribution depends on the training
set to which it is applied. Here TT(C) denotes the extended source dependent trans-
formation matrix [0” A\] associated with states S, = {s|R(s) = r} for classes
r=1,...,R; ¢ is the extended observation vector [1 OT]T; and pug and X, are the
mean and variance for the observation distribution of state s. The Y, are constrained
to be diagonal covariance matrices. We assume that the in-domain data do not need
to be normalized at the corpus level, and this is in fact a key step in the modeling
approach. To this end, we simply set A7(~t) = [ and bﬁf) = 0 Vr. The entire parameter
set is specified as 0 = (T(C), Loy D).

Our goal is to estimate the transforms and the HMM parameters under the
ML criterion. The estimation is based on the observed random process (w7, 65) that
consists of an ﬁ—length word sequence ! and an I-length sequence of m-dimensional
acoustic vectors 01 To incorporate information about the source identity into the
statistical framework, we modify the observed random process to include a sequence
éll that labels each observation vector by the source that produced it: (w1 , 6’;, cll)
The training objective therefore becomes the maximization of p(01| A cl, ). This
estimation is performed as a two-stage iterative procedure. At each 1terat10n, we
first maximize the ML criterion with respect to the affine transforms while keeping
the Gaussian parameters fixed, and then reestimate the Gaussian parameters using
the updated values of the normalizing transforms.

Maximum likelihood reestimation of the parameters is performed using the Expectation-

Maximization (EM) [29] algorithm. The EM auxiliary function, as given by equa-

tion (1.15), can be modified to include the source identity as follows

=Y > > w(ri0)loga(Gls, ;0) + C. (7.2)

r,c SESy T:iér=c

Here, C'is a constant independent of 6 coefficients and ~4(7;6) = g5, (s| My, (’)1, cl, 0)
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is the conditional occupancy probability of state s at time 7 given the training
acoustics, transcription and source identity.

Using calculus to do the maximization yields the following update rule to be
satisfied by the parameter estimation procedures: given a parameter estimate 6, a

new estimate 6 is found so as to satisfy

0:> > ) (70 Valogq(lrls,c; 6) =0 (7.3)

r.c SES, T:6r=c

We will show in the subsequent sections how this estimation criterion can be used

for cross-corpus normalization of heterogeneous data sources in HMM training.

7.2.1 Corpus-Normalizing Transform Estimation

In the first part of the two-stage estimation procedure we fix the HMM means
and variances and maximize the ML criterion with respect to the affine transforms.
The presentation incorporates Gales’ [46] treatment of MLLT. The reestimation
formula for the transforms is derived from the update relationship of equation (7.3).
The optimization is performed on a row by row basis, and therefore, the derivation
involves the differentiation of the reparametrized emission density ¢ (equation (7.1))
with respect to the it row of T\, denoted by [T;C)]i.

Substituting the expression for the reparameterized emission density (equation (7.1))
into the update relationship of equation (7.3) and ignoring all terms independent of

[T'9]; yields

[Tr(c)]i : Z Z vs(T; 9>V[T£°)}i <log ]Aff)|

SESy T:ér=cC

1

- 5(199%, - us)ngl (19 - u)) =0. (74)

Given that the covariance matrices >, are constrained to be diagonal it is possible

to rewrite the update relationship of equation (7.4) as
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(119 : B Vi), log (pi [TT(C)]i)

m

1 C C C
— 3V, Zl <[Tr( GO = 2[T )]ikiT> =0 (7.5)
where p; is the extended cofactor row vector [0 ¢;1 ... ¢iml, (¢ij = cof(4;;)) and

6= 3 (5 o)

se€S, 5t \1:iér=c

k= L5 < PR 9)5?)

s€S, 5 \riér=c

ﬁ:z<z%w®

SES, \T:iér=c

Calculating the gradient V ), in the update relationship of equation (7.5) yields:

T

L— 7). _ ..
Bpi[Tr‘c)T]z- — [T9),G; — k. (7.6)

An iterative solution to the optimization of equation (7.6) is described by Gales [46],
)

where each row of 719 is optimized given the current value of all the other rows. It

can be shown that the i*" row of the transformation matrix is found by
[T9); = (ap; + k;) G;! (7.7)

where « satisfies a quadratic expression (Equation B1.8, [46]).

7.2.2 Gaussian Parameters Estimation

This section describes the estimation scheme for the state dependent Gaussian

means and variances under the ML criterion. With the transforms estimated as
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described in Section 7.2.1, we denote the parameter set as 6 = (TT(C), s, 2s). The
parameter update relationship of equation (7.3) can be simplified by noticing that
each of the states is uniquely assigned to one of R disjoint transform classes S,,

according to the relation R(s) = r

(7, 20) 0 > > 1u(110)V, 5, log q(Th G- ls. s 0) = (7.8)

c T:iér=c

Here the posteriors 74(7; 0~) are estimated for each state using the new transform
estimates and old Gaussian model parameters. To simultaneously update the Gaus-
sian means and variances in the same pass we will take the derivative of the state

dependent emission density with respect to s and ;.

Mean estimation

The gradient of log¢((]s, ¢; é) with respect to the parameter component i is

given by

Substituting into equation (7.8) and rearranging gives the update equation for p

7(c)
i, = Z ZT.éT:c%( )T7S S)CT (7.9)
2ie D rier=e Vs(T30)

Variance estimation

The gradient of log ¢(C|s, ¢; §) with respect to X7 is given by

N (e — (e T
V1 logg(Cls ¢ 6) = Vo (log 135 = (T ¢ = 1) =2 (Tl € — 1) )

= s ( C%)( CMS)T
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Substituting the gradient into equation (7.8) yields

i) (5 (10 (16 5)') -

Using the fact that fs is given by equation (7.9) we can obtain the reestimation

formula for the new estimate of ¥, as

~

.0\T© ¢ Tl
S Zc ZT:@T:c 73(7—’ Q)TR(S)gT ZTR(S) = =T 710
s Zc ZT:éT:C fyS<T; é> MSMS . ( . )

This concludes the estimation procedure for the parameters of the cross-corpus nor-
malization model. We have presented a two-step, iterative procedure. The trans-
forms are estimated via equation (7.7) which is iterated until the [Tr(c)]i parameters
converge. After this the Gaussian parameter estimates are found via equations (7.9)

and (7.10).

7.3 Modelling Speaker Variation within Cross-Corpus

Normalization

The proposed cross-corpus acoustic normalization attempts to reduce corpus-
wide variations. However, a training corpus usually consists of speech collected
from a population of speakers. Due to the wide range of speakers in a typical
training corpus, the corpus-normalizing transforms also have to cope with inter-
speaker variability. The factors which contribute to speaker variation can be split
into two categories [97]: acoustic such as realisational, duration, intonation and
physiological factors, and phonological such as lexical and stress differences factors.
Acoustic variations can be modelled by feature-normalizing transforms while the
phonological differences can be handled by grammar or pronunciation models [105,
110]. In the following sections we will discuss some extensions of the cross-corpus

normalization procedure that attempt to minimize speaker-to-corpus variations.
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7.3.1 Maximum Likelihood Speaker-to-Corpus Normaliza-
tion

A straightforward extension of the cross-corpus normalization technique is ob-
tained by using a divide-and-conquer procedure. Rather than applying a common
normalizing transform for all the data in a out-of-domain corpus, we divide the cor-
pus into homogeneous clusters of speakers, or even by each speaker separately. The
cross-corpus normalization procedure of Section 7.2 can be easily reformulated to
account for speaker-dependent normalizing transforms. To incorporate information
about the speaker identities into the acoustic normalization framework, we modify
the observed random processes to include a sequence l%ll that labels each observation
vector by the speaker who uttered it: (6{, l%ll, ). The training objective therefore
becomes the maximization of p(d!] Mg, kl: 6) where Mgy is the composite HMM
model corresponding to the word sequence w?. Similar to the cross-corpus nor-
malization procedure, we assume that the in-domain speakers does not need to be
normalized, and therefore we simply set A® = T and 8% = 0 for all speakers k
in the in-domain set. The re-estimation formulae for the model parameters can be
readily obtained by following the derivation of Section 7.2. As a result this modelling
technique transforms the feature space of each out-of-domain speaker to match the
space of the in-domain training population.

The above ML speaker-to corpus normalization scheme is in fact a special case
of the feature-space SAT [46] (see also Section 2.2). Our scheme differs from the
feature-space SAT on the treatment of the in-domain speakers. The feature-space
SAT applies normalizing transforms to both in-domain and out-of-domain speakers,
while our scheme normalizes the out-of-domain speakers only. In this way, the ML
speaker-to corpus normalization scheme is aimed at reducing non-linguistic differ-
ences between each out-of-domain speaker and the in-domain speaker population.

However, the amount of training data for each speaker in a training collection
varies significantly and there might be speakers with limited training data. As
discussed in Chapter 6, small amounts of training data may not be representative
of the statistical properties of the speaker acoustics and may lead to the well known
overtraining property of the maximum likelihood estimator. It is therefore desirable
to constrain the possible values of the transformation parameters to avoid getting

biased and inaccurate estimates.
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One possible solution to the overtraining problem is to group the out-of-domain
training speakers into several clusters and estimate a common transform for all the
speakers in a cluster. While this approach can give well-trained transforms in the
expense of modelling resolution, it does not utilize the cross-corpus normalizing
transforms. A better solution could be obtained if we use the cross-corpus trans-
forms as prior knowledge for the estimation of speaker-dependent transforms. This

approach is discussed in the next section.

7.3.2 Structural MAP Speaker-to-Corpus Normalization

Our goal is to obtain as accurate speaker-dependent transforms as possible with-
out sacrificing model robustness. Thus, rather than tying transforms across groups
of speakers to avoid overfitting, we adopt the structural MAP estimation procedure
proposed in Section 6.5. This choice is motivated by three observations.

First, the MAP criterion provides a way of incorporating the cross-corpus trans-
forms as prior knowledge about the possible values of the speaker-dependent trans-
form parameters. As we mentioned in Section 1.6.3, the use of the prior adds a
regularization term to the reestimation equation, and penalizes estimates that devi-
ate from the prior. Hence, the MAP criterion can reduce the risk of overfitting for
speakers with limited amount of data.

Second, the tree structure may provide a better use of the data since transfor-
mations are hierarchically derived; the cross-corpus transforms are being used to
constrain the estimation of the more local transforms.

Third, using the MAP criterion we take advantage of the asymptotic property
of MAP estimation for large sizes of training data: as long as the initial MAP and
ML estimates are identical, the MAP estimate converges to the same point as ML
when the amount of training data approaches infinity. Therefore, for speakers with
sufficient amount of data, the MAP derived normalizing transforms will be ’similar’
to the corresponding well-trained ML derived transforms.

Therefore, using hierarchically structured prior densities we obtain an automatic
and dynamically controlled procedure for the estimation of the speaker-dependent

transforms.
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<4¢—— Root (all speakers in corpus c)

Figure 7.2: Tree structure for training speakers in out-of-domain corpus. The root
node contains all the speakers in the out-of-domain corpus, and the leaf nodes contain
each distinct speaker.

cee- ‘4— Leaf (Nth speaker)

Hierarchical tree structure

The structural MAP estimation procedure of Section 6.5 requires the use of a
hierarchical tree structure in the transform parameter space. Here we consider a tree
structure for each out-of-domain corpus that hierarchically groups the speakers in
each corpus, as illustrated in Figure 7.2. The root node contains all the speakers in
the out-of-domain corpus, and the leaf nodes contain each distinct speaker. The tree
can be constructed using any appropriate speaker clustering method [67, 70, 101,
107]. Given a hierarchical tree structure, the estimation of feature-space transforms

is carried out following the procedure described in Section 6.5.

7.4 Summary

In this chapter we proposed the use of heterogeneous data sources for acoustic
training. The proposed cross-corpus acoustic normalization procedure should make
it possible to enlarge the acoustic training set with out-of-domain acoustic data
that otherwise could possibly lead to performance degradation. To account for the
variability across acoustic sources, we employed the feature normalization techniques
developed in previous chapters. A larger in-domain training set could be created
by effectively transforming the out-of-domain feature space to match the in-domain

training population.
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This acoustic normalization procedure was initially developed to reduce corpus-
wide variations. However, a training corpus usually consists of speech collected
from a population of speakers. Therefore, we then extended the cross-corpus nor-
malization procedure to account for inter-speaker variations too. As a result, the
feature space of each out-of-domain speaker is transformed to match the space of
the in-domain train population.

The extension from coarse transforms (on the corpus level) to fine transforms
(on the speaker level) is an attempt to balance the fundamental conflict between
model resolution and generalizability. Coarse transforms are trained from sufficient
amounts of data but can only capture corpus-wide variations. On the other hand,
finer transforms describe training data better, but are estimated from significantly
less data and consequently can be less general. To avoid overtraining while keeping
transforms as ’sharp’ as possible, we adopted the structural MAP estimation proce-
dure of Section 6.5. This MAP estimation procedure reduces the risk of overfitting
for speakers with limited amount of data, while still preserving good asymptotic
properties as the size of training data increases. Moreover, it provides a way of in-
corporating the cross-corpus transforms as prior knowledge about the possible values
of speaker-dependent transform parameters.

It should be noted that a similar feature normalization approach has already been
used for unsupervised speaker adaptation by Padmanabhan et al. [101]. This speaker
adaptation strategy is based on finding a subset of training speakers in the training
corpus who are acoustically close to the test speaker, and then computing a set of
linear transforms for each of the selected training speakers that maps the training
speaker’s data to the acoustic space of the test speaker. Then, the parameters of an
initial speaker-independent system are reestimated using the transformed data from
the selected training speakers.

This scheme provides a fair amount of gain over other adaptation schemes, such
as MLLR, at the cost of higher computational complexity. The reason is that for the
purpose of speaker clustering it is necessary to obtain an acoustic characterization for
each training speaker. This is achieved by estimating a speaker-dependent model
for each training speaker via MAP adaptation with the priors selected from the
speaker-independent model. Then, the acoustic likelihood of each test speaker’s
data is computed using each training speaker’s model. The top N speakers, in

order of this likelihood, are selected. Therefore, this computational cost is a major
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constraint for real-time applications. In contrast, our scheme normalizes the data
during acoustic model training, and therefore, the computation load due to the

normalization procedure lies in training rather than in recognition.



Chapter 8

Cross-Corpus Normalization of

Mandarin Speech Corpora

The goal of the cross-corpus normalization procedure presented in Chapter 7 is
to enlarge an ASR acoustic training set with out-of-domain acoustic data. This ap-
proach is a straightforward application of model-based acoustic normalization tech-
niques to map the out-of-domain feature spaces onto the in-domain data. A larger
in-domain training set can be created by effectively transforming the out-of-domain
data before incorporation in training. This chapter will put the cross-corpus nor-
malization procedure in practice by investigating the use of diverse Mandarin speech

corpora for building a Mandarin Conversational Telephone Speech ASR system.

8.1 Mandarin Speech Corpora Description

Our task is to build a Mandarin Conversational Telephone Speech ASR system
for the CallFriend (CF) [39] domain using data not only from the closely matched CF
training corpus but also with data added from two out-of-domain sources. The out-
of-domain corpora consist of the CallHome (CH) [1, 26] and Flight (FL) corpus [141].
The following list summarizes the top-level characteristics of the data sources used

in acoustic and language model training:

e CallFriend corpus: Both parties located in the continental United States and

Canada.

e CallHome corpus: Calls originated in the US with the other speaker(s) in
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locations overseas. Due to signal transmission over international connections,

channel noise and distortions occur in CallHome, especially on the overseas

end [80].
Flight corpus: Based entirely in China.
Speakers in CallFriend and CallHome took advantage of a free phone call.

Conversations in CallFriend and CallHome were mostly between family mem-

bers and friends.

The Flight corpus consists of telephone conversations between travel agents

and customers calling to ask about flights and to make reservations.

A more detailed analysis on the Flight corpus transcription comes to the following

summaries [141]:

1.

Heavy background noises mainly at the operators end, as well as telephone

channel noises;

Comparative low-volume or sometimes even unclear speech at the customers

end;
Serious phoneme deletion and co-articulation; and

So severe spontaneous linguistic phenomena that sometime a long sentence
with several spoken language phenomena is very difficult even for the tran-

scribers to understand.

We now compare the three Mandarin corpora based on the amount of data avail-

able from each speaker in each Mandarin data source. Figure 8.1 consists of three

subgraphs; one for each Mandarin data source. Each graph shows the histogram

of the amount of data from each speaker from the corresponding data source used

in acoustic model training. We can see that the amount of training data for each

speaker in all three collections varies significantly and there are many speakers with

limited training data. Moreover, the majority of the speakers in the Flight corpus

have limited training data relative to the speakers in the CallFriend and even in the

CallHome corpus.
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Figure 8.1: Histogram of the amount of data for each speaker in each Mandarin data
source used in acoustic model training.

The three Mandarin data sources used in acoustic and language model training
exhibit several differences that can potentially affect performance. First, the acous-
tic signal is transmitted through domestic channels (CallFriend and Flight) and
international channels (CallHome). Second, even though all speakers in the three
collections are native Mandarin speakers, they differ in their geographical location.
This can potentially lead to pronunciation variabilities among the speakers. Third,
there is a significant amount of speakers with limited training data, particularly in
the Flight corpus. Finally, there is extreme variety in topics. While the topic was
restricted to travel arrangements in the Flight corpus, the speakers in the CallFriend
and CallHome dialogs could chose their topics freely. Thus, the vocabulary used in
the Flight corpus is much more restricted than the vocabulary used in the CallFriend
and CallHome corpora.

Despite these differences, since these three databases contain conversational Man-
darin collected over the telephone, it is reasonable to investigate whether the Call-
Home and Flight data can be helpful in building ASR systems for the CallFriend

domain.
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8.2 ASR System Description

’ ‘ Data Sources in Training ‘ #Hours ‘ #Conversations ‘

| In-domain | CallFriend (CF) | 14 42 |
. CallHome (CH) 14 100
Out-of-domain Flight (FL) 22 1790

Table 8.1: Mandarin data sources used in acoustic and language model training.

The testbed used for this research was the 1 hour CallFriend development set
defined by BBN [135]. As we mentioned, the training data come from three different
Chinese corpora. These are (see also Table 8.1): a 14 hour, 42-conversation Call-
Friend (CF) corpus; a 14 hour, 100-conversation CallHome (CH) corpus; and a 22
hour, 1790-conversation Chinese spontaneous telephone speech corpus in the flight
enquiry and reservation domain (FL) [141]. Both the CF and CH collection are part
of the training set defined for the EARS RT-03 evaluation.

The baseline acoustic models were built using HTK [136]. The system is a speaker
independent continuous mixture density, tied state, cross-word, gender-independent,
context-dependent Initial-Final (I/F), HMM system. The speech was parameterized
into 39-dimensional PLP cepstral coefficients with delta and acceleration components
[59]. Cepstral mean and variance normalization was performed over each conversa-
tion side. The acoustic models used cross-word I/F with decision tree clustered
states [136], where questions about phonetic context as well as word boundaries

were used for clustering. Details of the ASR system design are available [140].

’ Corpus ‘ Weight ‘
CallFriend 0.77
CallHome 0.21

Flight 0.02

Table 8.2: Weights used for each linearly interpolated language model. The interpo-
lation weights were chosen so as to minimize the perplexity on held-out CallFriend
transcriptions.

Decoding experiments were performed using the AT&T Large Vocabulary De-
coder [92], using a word bigram language model constructed as follows. Three word
bigram language models were trained over each set of transcriptions and were linearly

interpolated [120] to form a single bigram language model. This bigram, which con-
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Data Sources in Training CER

CF | CH | FL | Total Hours | SI | SI+MLLR

V 14 60.8 58.7

vV 14 62.2 59.8

v 22 69.2 65.8

NV 28 57.9 55.9

V V 36 60.8 58.7

N ERVARERY 50 59.3 56.6

Table 8.3: Character Error Rate (%) of baseline systems trained from various cor-
porus combinations as evaluated on the CF test set. Results are reported with and
without unsupervised MLLR speaker adaptation.

tained 116766 bigrams and 50629 unigrams, was used for all decoding experiments.
The interpolation weights which are tabulated in Table 8.2, were chosen so as to
minimize the perplexity on held-out CF transcriptions. The weight (0.02) on the
FL language model confirms our prior observation made in Section 8.1, namely, how

different the FL transcriptions are from the CF transcriptions.

8.3 Unnormalized Out-of-Domain Acoustic Data

Initial baseline experiments were performed to measure the performance of mod-
els trained using each of the three training sources. Various training sets were
creating through combinations of the sources without cross-corpus normalization.
Table 8.3 summarizes the performance of ASR systems estimated over these train-
ing sets. Results on the CF test set, both with and without unsupervised MLLR
speaker adaptation [74], are given.

We first conducted baseline experiments to quantify the mismatch between each
of the three training corpora and the test corpus in terms of recognition performance.
Not surprisingly, acoustic models trained only with CF gave the best performance on
the CF test set (CER 60.8%/58.7%). The CH trained acoustic models had poorer
but comparable performance (CER 62.2%/59.8%). On the other hand, the FL-
based acoustic models were significantly worse than either CF or CH models (CER
69.2%/65.8%).

We then investigated the combination of each of the out-of-domain corpora and
the in-domain corpus in training acoustic models for the CF task. The acoustic

models were obtained by pooling the in-domain training data with each out-of-
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Data Sources & Normalization CER
CF \ CH \ FL \ #transforms SI \ SI+MLLR
I T 1 per corpus || 57.6 55.8

I I T 1 per corpus | 58.1 55.7
I T | T 1 per corpus || 57.8 55.5

Table 8.4: Character Error Rate (%) of systems by normalizing out-of-domain acous-
tic training data relative to in-domain data. An ‘T’ / ‘I’ indicates that a source was
included in training with / without normalization, respectively. Results are reported
with and without unsupervised MLLR speaker adaptation.

domain training data and estimating the HMM parameters in the standard ML
fashion, i.e. without the cross-corpus normalizing transforms. It was found that a
simple merging of the CF and CH data yielded an improvement relative to using
either corpus alone. However, adding the FL set to the CF data gave absolutely
no improvement relative to using the CF data alone. Moreover, adding the FL set
to the CF and CH sets degrades performance relative to training with CF and CH
alone.

The results of this section show that the performance of acoustic models trained
from a combination of in-domain and out-of-domain data depends on the similarity
of each training set to the test set. Simply adding out-of-domain data can actually

degrade performance.

8.4 Cross-Corpus Normalized Out-of-Domain Acous-

tic Data

We next conducted a series of experiments to assess the effectiveness of cross-
corpus acoustic normalization as proposed in Section 7.2. This procedure does need
a starting point from which the initial set of transforms can be estimated. All nor-
malization experiments are seeded by the CF4+CH system of Section 8.3, which was
trained over the combined CF and CH training sets and was best of the unnor-
malized systems (CER 57.9%/55.9%). A single transform was estimated for each
out-of-domain corpus in these preliminary normalization experiments. The cross-
corpus normalization experiments are reported in Table 8.4.

We first investigated the combination of the CF and CH corpora. Applying the

cross-corpus normalizing transform to the CH data gave a modest 0.3% improvement
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Data Sources & Normalization | Estimation Criterion CER

CF \ CH \ FL \ #transforms SI \ SI+MLLR
I T | T | 1 per speaker ML a7.7 55.2
I T | T | 1 per speaker MAP 57.6 54.9

Table 8.5: Character Error Rate (%) of systems by normalizing on the speaker level
out-of-domain acoustic training data relative to in-domain data. In the first system
the transforms were estimated under the ML criterion; in the second under the
MAP criterion. An “T” / ‘I’ indicates that each speaker in the source was included
in training with / without normalization, respectively. Results are reported with and
without unsupervised MLLR speaker adaptation.

relative to the unnormalized CF+CH system when no MLLR speaker adaptation
was used during decoding. However, this improvement effectively diminishes with
the presence of speaker adaptation on the test side.

We then added the FL set to the CF and CH sets. We initially treated the CF and
CH corpora as in-domain data sources and the FL corpus as out-of-domain source.
Under this scenario, only the FL data were transformed. The normalization of the
FL corpus gave an improvement (CER 58.1%/55.7%) relative to the unnormalized
CF+CH+FL system. Then, we applied the cross-corpus normalization to both the
CH and FL corpora. Normalizing both out-of-domain data sources yielded a slightly
better result (CER 57.8%/55.5%) relative to normalizing the FL corpus alone. In
conclusion, the cross-corpus normalization makes it possible to improve performance

by adding a severely mismatched corpus.

8.5 Speaker-to-Corpus Normalized Out-of-Domain

Acoustic Data

In the previous section we applied the cross-corpus acoustic normalization pro-
cedure, as proposed in Section 7.2, to reduce corpus-wide variations between each
out-of-domain data source and the in-domain CallFriend corpus. We saw that by
first removing non-linguistic differences between collections, on the corpus-level, we
were able to enlarge the CallFriend ASR acoustic training set and improve perfor-
mance.

We next study the extensions of the cross-corpus normalization procedure, as

proposed in Sections 7.3.1 and 7.3.2, that attempt to minimize speaker-to-corpus
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Figure 8.2: Three-level tree structure for training speakers in out-of-domain corpus
c. The root node contains all the speakers in the out-of-domain corpus, the second
level divides the speakers by their gender and the leaf nodes contain each distinct
speaker.

variations. All normalization experiments were seeded by the CF+CH system of
Section 8.3. A single transform was estimated for each out-of-domain speaker in
these normalization experiments. The speaker-to-corpus normalization experiments
are reported in Table 8.5.

We first applied the Maximum Likelihood speaker-to-corpus normalization scheme,
as proposed in Section 7.3.1, to both the speakers in the CH and FL corpora. Nor-
malizing on the speaker level gave not only an improvement (CER 57.7%/55.2%)
relative to the unnormalized CF+CH+FL system but also an improvement relative
to normalization on the corpus level CF+CH+FL system (CER 57.8%/55.5% - See
Table 8.4).

However, applying the acoustic normalization technique on the speaker level
rather than the corpus level implies that the transformation parameters are esti-
mated from much smaller amounts of data. In fact, as we discussed in Section 8.1
(see also Figure 8.1), there is a significant number of speakers in the out-of-domain
corpora that have limited amounts of training data. As we mentioned in Chapter 6,
small amounts of training data may not be representative of the statistical properties
of the speaker acoustics and may lead to inaccurate estimates.

To overcome possible overtraining, we applied the structural MAP speaker-to-

corpus normalization scheme, as proposed in Section 7.3.2, again to both the speakers
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in the CH and FL corpora. The structural MAP estimation procedure requires the
use of a hierarchical tree structure in the transform parameter space. Here, we used
a simple three-level tree, as shown in Figure 8.2, for each out-of-domain corpus.
The root node (first level) contains all the speakers in the out-of-domain corpus,
the second level divides the speakers by their gender and the third level (leaf nodes)
contain each distinct speaker. The estimation of the transforms was based on the
algorithm described in Section 6.5. The initial prior distribution at the root node of
each tree was centered at the corresponding cross-corpus transformation estimate.
That is, we chosen p(T\“") and p(T\"™) such that their mode is M{“") = T(CH)
and MI(FL) = TWFL) respectively. Under this structural framework, we were able
to incorporate the cross-corpus transforms as prior knowledge about the possible
values of the speaker-dependent transform parameters. Normalizing on the speaker
level using the MAP derived transforms yielded a better result relative to normal-
izing on the speaker level using the ML derived transforms (CER 57.6%/54.9% vs
57.7%/55.2%).

8.5.1 Distance Measures Between Model Sets

A probabilistic distance measure, i.e. the Kullback-Leibler (KL) divergence, has
been proposed to measure the dissimilarity between pairs of HMMs [68]. Using
the KL divergence, we will investigate in this section how ’close’ are the MAP
derived transforms T{pr4p) to the ML derived transforms T{,/z). As we discussed in
Section 1.7, the Gaussian emission densities are reparameterized by the parameters
of the transforms. Hence, the usual set of HMM parameters 6 (see Chapter 1) is
augmented by the transforms 7. Let n denote the entire HMM parameter set as
n=(0,T).

We fix the parameters 6 to the corresponding parameters of the baseline CF+CH
system of Section 8.3, which seeded the estimation of the MAP and ML derived
transforms. The only parameters being modified are the parameters of the trans-
forms. Hence, we have two sets of parameters napy = (0, T(amrap)) and nar) =
(0, T(mry)- Rather than consider the KL divergence between pairs of complete HMM
models, we use a measure that depends only on the parameters being modified, that
is the parameters of the transforms. To this end, we use an average KL divergence

between pairs of Gaussians on a per mixture component level, defined as
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s M(s
D(Tarapy, Tinry) = 5 Z Z (a(¢ls,ms Tinrary), a(Cls, m; Tiany))
s= 1 s=1 m=1
(8.1)

Here, M(s) is the number of mixture components in state s; ¢(¢|s,m; T(papy) and
q(¢|s,m; T(ary) are the mth Gaussian mixture component of state s, which are
reparameterized by T(arap) and T(yr), respectively.

The KL divergence Dk, in equation (8.1) is defined as [24]

s,m; T
D1, (¢(¢ls,m; Tiarar), a(Cls,m; Tarry)) = /Q(QS,W; Tvapy)log a(¢] (var)) d¢.

¢ Q(C|57m§T(ML))
As shown in Appendix A, the above divergence can be expressed in a closed form as

|Avap)|
D, (q(Cls,m; Tirary), q(Cls, m; Try)) = log %
[An)|

1
— Etr (J(T ap) S T(iap) — Ty ZmsT )

+ [T (Tarary — Tiarn) " S0 st s

where J is defined as the matrix

1 [A ]\}[Ap (,um,s - b(MAP))]T

A(]\IJAP (Mm,s - b(MAP)) A(_]&[Ap) [Zm,s + (,um,s - b(MAP))(,um,s - b(MAP)>T]A(_]\§Ap)
and [J]; denotes the 1st row vector of J.

In Figure 8.3 we plot the average KL divergence D(T( MAP); T("jw L)), as defined
in equation (8.1), for every pair of transforms (T(l?\/[ AP) T(@w L)) that corresponds to
each speaker k in the out-of-domain corpora, against the amount of data available
for the estimation of the speaker-dependent transforms. Note that for presentation
purposes a logarithmic scale was used for both axes. The following observations can

be made from Figure 8.3:
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Figure 8.3: Average Kullback-Leibler (KL) divergence D(T{y;4py: T{31,); as defined

in equation (8.1), of every pair of transforms (T(Iﬁu AP)>T(]§\4 L)) that corresponds to
each speaker k in the out-of-domain corpora, plotted against the amount of data
available for the estimation of the speaker-dependent transforms T,EMAP) and TkEML).
For presentation purposes a logarithmic scale was used for both axes.

e The KL divergence D(T(’ﬁw AP): T(kaw 1)) is ‘on-the-average’ inversely proportional
to the amount of the training data. This behavior, along with the results of
Table 8.5, comes into accordance with the prior theoretical discussion of Sec-
tion 7.3.2. Namely, the MAP estimation procedure reduced the risk of over-
fitting for speakers with limited amount of data, while preserving asymptotic

properties as the size of training data increased.

e For a given amount of training data the KL divergence for the speakers in
the FL corpus was greater than the KL divergence for the speakers in the CH
corpus. This maybe explained in part by the inclusion of the CH speakers in

training the baseline system against which both transforms are estimated.
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Data Sources & Normalization CER

CF \ CH \ FL \ #transforms || SAT \ SAT+MLLR
I I I 59.4 55.6
I T | T 1 per corpus | 58.0 54.6
I T | T | 1 per speaker - 54.4

Table 8.6: Character Error Rate (%) of SAT derived systems from unnormalized and
normalized out-of-domain acoustic training data relative to in-domain data. An ‘T’
/ ‘T" indicates that a source was included in speaker adaptive training with / without
cross-corpus normalization, respectively. Results are reported with and without
unsupervised MLLR speaker adaptation.

8.6 Speaker Adaptive Training on Normalized Out-

of-Domain Acoustic Data

A commonly used approach for improving ASR performance is speaker adap-
tive training (SAT) [2] in which speaker dependent transforms are used to reduce
speaker-specific variations in the speech signal. Our training set is a collection of
heterogeneous corpora, and we investigate whether cross-corpus normalization pro-
cedures can be used jointly with speaker adaptive training to improve recognition
performance.

Table 8.6 compares the performance of SAT acoustic models trained over unnor-
malized acoustic data to SAT acoustic models trained over an in-domain training set
created by transforming the out-of-domain corpora prior to speaker adaptive train-
ing. Throughout these SAT experiments we used a fixed set of two regression classes
for the speaker dependent transforms - one class for speech states and one class for
silence states. The first SAT system was seeded by the unnormalized CF+CH+FL
system of Section 8.3 (CER 59.3%/56.6%) and subsequently trained over the unnor-
malized CF, CH and CH training sets. The second SAT system was seeded by the
models of Section 8.4 (CER 57.8%/55.5%) which were trained over the in-domain
CF data and the normalized out-of-domain CH and CF training sets. SAT training
was performed as usual, but over the cross-domain normalized data.

In the following we focus on the recognition performance incorporating unsuper-
vised speaker adaptation over the test set. Applying SAT in the standard fashion, i.e.
without cross-corpus normalization, yields 1.0% absolute gain over the unnormalized
CF+CH+FL system (CER 55.6% vs. 56.6% - see Table 8.3). This is comparable to

the gains from cross-corpus normalization alone: in Section 8.4 we found that apply-
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ing the cross-corpus normalizing transforms to both the out-of-domain corpora gave
1.1% absolute gain over the same unnormalized CF+CH+FL system (CER 55.5%
vs. 56.6%). Results in Table 8.6 show that SAT can be further improved by 1.0%
(CER 54.6% vs. 55.6%) if we first compensate for the cross-corpus differences across
the training sets. When we consider the combined gains from SAT and cross-corpus
normalization against the ML baseline system, (CER 54.6% vs. 56.6%) the total
gain is 2.0%, an indication that the cross-corpus normalization and SAT procedures
yield additive improvement, and are thus capturing complementary influences, as
desired.

Finally, the third SAT system in Table 8.6 was seeded by the model of Section 8.5
(CER 57.6%/54.9% - See Table 8.5) which was trained over the in-domain CF data
and the normalized by the MAP derived speaker-dependent transforms CH and FL
training sets. Applying SAT in the standard fashion, i.e. relaxing the constraint that
the transform be identity on the in-domain training corpus, gave an additional 0.5%
gain (CER 54.9% vs. 54.4%). Furthermore, if we compare the third SAT system to
the second SAT system (CER 54.6% vs. 54.4%) which was seeded by the models of
Section 8.4 (CER 57.8%/55.5% - See Table 8.4) we observe a slightly better result.
This can be attributed to the better initialization point of the third SAT system
relative to the second SAT system (CER 57.6%/54.9% vs. 57.8%/55.5%).

8.7 Summary

In this chapter we investigated the use of heterogeneous data sources for acous-
tic training. Three diverse Mandarin speech corpora, the CallFriend, Callhome and
Flight corpus were employed to build a CallFriend ASR system. Table 8.7 summa-
rizes the main experimental results of this chapter.

Baseline experimental results (result (b) vs. result (c¢) in Table 8.7) showed that
simply adding out-of-domain data, i.e. Flight corpus, actually degraded perfor-
mance. Then, the proposed acoustic normalization procedure, which is a straight-
forward application of model-based acoustic normalization techniques to map the
out-of-domain feature spaces onto the in-domain data, was put into practice. We
applied the normalization procedure both on the corpus-level, as proposed in Sec-
tion 7.2, to reduce corpus-wide variations between each out-of-domain data source

and the in-domain CallFriend corpus, and on the speaker-level, as proposed in Sec-
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System | Data Sources & Normalization || Estimation Criterion CER
CF \ CH \ FL \ #transforms SI \ SI++MLLR
@ | I 60.8 | 58.7
(b) I I 57.9 55.9
© | T [1]1 5.3 | 56.6
(d) I | T | T | 1percorpus ML 57.8 55.5
(e) I | T | T | 1perspeaker ML 57.7 55.2
(f) I T | T | 1 per speaker MAP 57.6 54.9

Table 8.7: Summary of Character Error Rate (%) of systems by normalizing out-of-
domain acoustic training data relative to in-domain data. An “T” / ‘I’ indicates that
cach speaker in the source was included in training with / without normalization,
respectively. Results are reported with and without unsupervised MLLR speaker
adaptation. Systems (a)-(c) are described in Section 8.3, system (d) is described in
Section 8.4, and systems (e)-(f) in Section 8.5.

tions 7.3.1 and 7.3.2, to minimize speaker-to-corpus variations. All normalization
experiments were seeded by the CF+CH system (result (b) in Table 8.7).

We first studied the use of single cross-corpus transforms; a single transform was
estimated for each out-of-domain corpus. The cross-corpus normalization made it
possible to improve performance by adding a severely mismatched corpus (result (d)
in Table 8.7). Then, we applied the normalization procedure on the speaker-level.
We estimated a single transform for each speaker in the out-of-domain corpora under
the ML, and MAP criterion. Both normalization schemes gave an improvement in
performance relative to the normalized on the corpus level system (results (e) & (f)
vs. result (d) in Table 8.7). However, the system with MAP derived transforms
outperformed the system with ML derived transforms.

The superiority of the normalization procedure via the MAP derived transforms
over the ML transforms is due to the data sparseness issues encounter in a big por-
tion of the speaker population (see also Figure 8.1). The use of the corpus-level
normalizing transforms as prior information in the structural MAP estimation pro-
cedure reduced the overfitting of the speaker-level transforms. We are able to obtain
as accurate speaker-dependent transforms as possible without sacrificing model ro-
bustness. Thus, the structural MAP normalization procedure provides a robust
method of normalizing out-of-domain data based on very little data while still pre-
serving good asymptotic properties as the size of training data increases (see also
Figure 8.3). Furthermore, it provides a hierarchical estimation procedure: the cross-

corpus (corpus-dependent) transforms are being used to constrain the estimation of
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the more local (speaker-dependent) transforms.

We have also found that cross-domain normalization can also improve Speaker
Adaptive Training. Experimental results show that performing SAT over cross-
corpus normalized data effectively doubles the gains obtained from SAT alone on
this corpus. Interestingly, the gains from SAT and cross-corpus normalization are
almost exactly additive, which is strong evidence that they are capturing different
phenomena. In this, we emphasize that we are carefully employing existing model-
ing algorithms. What we have shown is that careful initialization and application
of transform-based modeling techniques can be used to capture different effects in
heterogeneous data.

There are many interesting modeling issues involved in sharing speech, especially
across languages [115, 129], such as the varying effect of phonetic context, the pres-
ence or absence of phones, and other issues such as the role of prosodic features such
as pitch and pause duration. However, none of those detailed issues can be studied
unless it is possible to work with multiple data sources without degrading the base-
line performance. The cross-corpus acoustic normalization framework is meant to
be a basis to enable further studies of the more subtle issues in combining multiple

data sources.



Chapter 9

Minimum Risk Acoustic
Clustering for Acoustic Model

Combination

In Chapter 7 and 8 we investigated the use of heterogeneous data sources for
acoustic training. Our goal was to build a single set of acoustic models using data
from different acoustic sources. We described an acoustic normalization procedure,
i.e. cross-corpus acoustic normalization, for enlarging an ASR acoustic training set
with out-of-domain acoustic data. A larger in-domain training set was created by
effectively transforming the out-of-domain data before incorporation in training.

In this chapter we describe procedures for combining multiple acoustic models,
obtained using training corpora from different languages, in order to improve ASR
performance in languages for which large amounts of training data are not available.
We treat these models as multiple sources of information whose scores are combined
in a log-linear model to compute the hypothesis likelihood. The model combination
can either be performed in a static way, with constant combination weights, or in a
dynamic way, with parameters that can vary for different segments of a hypothesis.
The aim is to optimize the parameters so as to achieve minimum word error rate. In
order to achieve robust parameter estimation in the dynamic combination case, the
parameters are defined to be piecewise constant on different phonetic classes that
form a partition of the space of hypothesis segments. The partition is defined, using
phonological knowledge, on segments that correspond to hypothesized phones. We

examine different ways to define such a partition, including an automatic approach
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that gives a binary tree structured partition which tries to achieve the minimum

word error rate with the minimum number of classes.

9.1 Multilingual Acoustic Modeling

Multilingual acoustic modeling is motivated by the need for speech recognizers in
languages and dialects for which acoustic training data is not available in large quan-
tities. The goal of multilingual acoustic modeling is to improve ASR performance
in a target language by borrowing models and data from other languages.

Previous work has largely focused on the task of building a single set of target
language acoustic models using data from different source languages. For example,
cross-lingual phonetic mappings between the source and target languages can be
created so that a pool of multilingual data can be used to train a single set of
multilingual acoustic models [112]. Alternatively, well-trained acoustic models from
a source language can be adapted to the target language using standard acoustic
adaptation techniques [44, 96].

An alternative methodology has recently been presented [17, 72] that extends the
above procedures by using discriminative model combination techniques (DMC) [14].
Rather than merging source language acoustic data to train a single system, this
technique produces a likelihood score for a recognition hypothesis by combining
the scores produced for the hypothesis segments by multiple, independent, source
language ASR systems. First, mappings are derived from the phones of the source
languages to those of the target language. This allows mapping source language
acoustic models onto target language speech. The mapped source models are then
adapted by MLLR/MAP on a small amount of transcribed target language acoustic
data. The best possible monolingual target language system is trained using the
available data in the target language. Using this monolingual system, N-Best lists
are produced for the test set. Finally, these N-Best lists are rescored by the adapted
source language ASR systems and these scores are combined to produce a new
likelihood for each hypothesis. The new best hypothesis is chosen based on this
rescoring.

Here we discuss refinements of this last, crucial step, i.e. the optimal combination
of the available acoustic models from different languages. We treat these source

language acoustic models as independent information sources that provide separate,
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independent scores for each hypothesis, which are combined in a log-linear (GLM)
model. The weights of this log-linear combination can either be static or dynamic.
Static weights are optimally determined for each source language system (on held
out data) and are held constant for all hypothesized segments. Dynamic weights
allow the different language systems to contribute variably, as a function of the
hypothesis. We compare the static and the dynamic combination approaches and

discuss dynamic weighting algorithms in detail.

9.2 Log-linear Combination of Multiple Informa-

tion Sources

The DMC approach [14] was used in previous work [17, 72] to combine the mul-
tiple monolingual ASR systems. DMC aims at an optimal integration of all possible
information sources (in our case the acoustic models from multiple languages and
a language model for the target language) into one log-linear posterior probability
distribution. The weights of the scores for each information source can either be
constant (static combination) or variable across the hypothesis (dynamic combina-

tion).

9.2.1 Static combination

Assume we have available m knowledge sources from which we can obtain scores
for a hypothesis . We define the probability P(W|Z), where Z is the information
available to the sources, which includes but is not limited to the acoustic vector O,
to be an exponential combination of the scores S;(W|Z) obtained using each of the

information sources. In the following we will denote these scores just with S;(W):

P(W|T) = ! Hsi(W)Ai (9.1)

where Z(A,Z) is a normalization factor so that the probabilities for all W € H add
to one. Restricting the space of hypotheses in a finite set ‘H is equivalent with doing
N-Best [113] or word lattice rescoring [133], where the set H is the set of the highest
scored hypotheses.



100

9.2.2 Dynamic combination

Here we combine the scores from the available information sources dynamically,
within the simple form of an exponential model, by weighting each of the scores with
different exponents, for different segments of a hypothesis. This allows the source
language models to contribute variably depending on the hypothesis. For instance,
one language may approximate a set of target language phones particularly well,
while other target language phones are not modelled well at all. Thus we want the
weights with which the scores from each language are combined to depend on the
identity of the phones in the different hypotheses.

Each source model can have a different time alignment for the same hypothesis
and thus the segments might correspond to different acoustic intervals. We denote as
w;; the jth segment for hypothesis W corresponding to the segmentation associated

with the ith source. Then we can define:

P(WI|T) =

H H 2w ) (9.2)

where the exponent for the score of each segment is a function of the segment. The
robust optimization of the parameters A(-) is the focus of the remainder of this
chapter.

Since we would like to have a small number of parameters A(-) to optimize, we
define a function for each source language F; : (W) — {1,...,C;} that maps the
space of (w;;) into a small number of discrete classes. Then we can define for a

hypothesis W the score under the 7th independent source:

Sie(W) = 1T Si(wi) (9.3)

wij €W Fy(w;z,T)=c

We can rewrite (9.2) as

P(W|T) =

ﬁHsixww (9.4)

where we have grouped the scores for the segments of the hypothesis according to

the class of each segment.
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9.2.3 Optimization issues

The above defined model of equation (9.4) is used to rescore the N-Best lists and
choose the MAP candidate. We train the parameters A(+) in formulas (9.1) and (9.4)
so that the empirical word error count induced by the model is minimized. Since the
objective function is not smooth, gradient descend techniques are not appropriate
for estimation. We use the simplex downhill method known as amoeba search [95] to
minimize the word errors on a held out set [128]. We also consider the approach of
Beyerlein [14] which minimizes a smooth function that approximates the expected
error and has a closed form solution for the parameters of an exponential model.

In the case of dynamic combination, apart from the problem of finding the opti-
mal parameters A(-), we face another optimization issue: that of finding the optimal
functions Fj(-) for each information source. Ideally we would like to jointly optimize
the function and the parameters associated with it, i.e. find the partition of the
space whose optimal parameters achieve the minimum number of word errors. In

Section 9.3.3 we present an algorithm that approximates this search.

9.3 Multilingual Acoustic Model Combination

First we describe our experimental setup and give the results for some simple,
knowledge based partitions. Then we describe the automatic approach that con-
structs a partition in an attempt to achieve the lowest word error rate (WER) with

the minimum number of parameters A(-).

9.3.1 Database description

As our source-language acoustic training data we used English Broadcast News
obtained from LDC. The target language was Czech for which we used 1.0 hour of
the Charles University Corpus of Financial News (CUCFEN). This is read speech and
was used in the 1999 Summer Workshop at JHU [72] to train the baseline acoustic
models for Czech. We also obtained from the same corpus an extra 1.0 hour of Czech
data which we use to train the combination parameters of the log-linear model. The
test set was 1.0 hour of Czech Voice of America broadcasts.

The acoustic models were trained from mel-frequency, cepstral data using HTK

[136]. We used state-clustered cross-word triphone HMMs with 3 states each and 6
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[ [#rac | [ WER (%) |
BASELINES
)| 1 A 20.1
b) | 1 Ao 98.4
STATIC COMBINATION
(c) 2 A + A 27.8

DYNAMIC COMBINATION
(knowledge based partition)

(d) 6 (V4C4S)cz + (VHC+S)es, 27.5

(e) 71 (12V+27C+18S). + (10V+20C+1S)e, 26.8

(f) 28 (12V+1C+1S).. + (10V4+1C+1S),, 26.9

(g) 51 (1V427C+1S).. + (1V4+20C+1S),, 27.2
(tree partition)

(h) 8 tree leaves in Figure 9.1 27.0

Table 9.1: Combination of English and Czech acoustic models using different acous-
tic classification schemes.

gaussian mixtures per state. There were a total of 6040 shared states in the system.

1000-Best hypotheses were obtained for the training and test data using the 1.0
hour baseline Czech language triphone acoustic model.

In all the experiments described in the following sections a bigram language
model [18] and word insertion penalty were included. Their weights were optimized
along with the acoustic model weights Aac(+).

We can see the baseline WER result using only the one hour trained Czech
acoustic models (A.,) in line (a) of Table 9.1. We compare this with the WER when
we used only the English acoustic models adapted on the one hour of Czech data
Acn (b). We notice that the WER is lower with the English models. This is due
to the fact that we evaluate the English model by rescoring the N-Best obtained
with the original Czech models. Decoding with the English models and the Czech

language model is worse than the 1.0 hour Czech system.

9.3.2 Knowledge based partition

The first system we evaluated utilized both the English and Czech acoustic mod-
els score in a static combination (system A., + A, in Table 9.1, line (c)). Here the
two models were combined as in formula (9.1) using two weights: \., and A.,. Thus

using only one extra weight yields a significant improvement over the monolingual
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systems.

Next we explored dynamic combination by examining different knowledge based
partitions for the hypothesized phone segments for each information source used.
We consider partitions only for the acoustic information sources; the language model
receives only one weight.

The first partition simply clusters together the vowel, consonant and silence
models for the English and Czech language ((V+C+8)../e,) and assigns one weight
for the phone models in each cluster. This model has 6 acoustic weights to be trained
(one for each of the classes for each of the languages). The accuracy improves slightly
over the static combination (line (d) in Table 9.1).

We find that by allowing each phone model to have its own weight we achieve a
further improvement (Table 9.1-line (e)). In that system there are 40 weights for the
Czech phone models (12V+27C+18S) and 31 weights for the English (10V420C+15S).
But we found that we could reduce the number of parameters significantly by al-
lowing separate weights for only the vowels for each language and tying the weights
for the consonants to one parameter for each model, without significantly changing
WER (result (f) in Table 9.1). On the other hand when only the consonants were
allowed to have separate weights the result deteriorated (result (g) in Table 9.1).

The above results suggest that we should aim to obtain the optimal partition:

the minimum number of tied parameters that achieve the lowest WER.

9.3.3 Searching for optimal partition of the parameter space

The goal of this experiment is to obtain the accuracy improvements achieved in
the previous section with parsimonious acoustic clustering. We use an automatic
approach to find an optimal partitioning of model scores into classes. The algorithm
iteratively builds a binary partition of the hypothesized phone segments using a
top-down hierarchial procedure. It starts with all phones (from all acoustic models)
in one class-node. Phonological questions are used repeatedly to split each available
class into two sub-classes. For every node, all questions are examined: the weights
Ai(c) are optimized for the resulted partitions so that the empirical word error count
induced by the model, as given by formula (9.4), is minimized on the held out set.
The optimization of the weights is described in Section 9.2.3. For each possible

partition we have now trained the weights and computed the corresponding WER
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on the held out set. Then, the tree grows by choosing to split the node using the
question that results in classes with the best WER improvement.

We also investigated building the tree with splitting criterion the improvement
in the smooth approximation of WER [14]. This objective function has a closed
form solution so the tree building algorithm was much faster. However the resulting
WER was higher than found with the direct minimization of WER.

The questions asked in the tree are allowed to separate classes of phones from the
pool of phone-models available, and assign a separate weight to each of the classes.
These questions involve either general classes of models (from both languages), such
as “Is this a liquid phone?”, or “Is it in the class of phone A” (this is the class of
phones (A, AA, AH, AE, AX), or they can separate a specific phone, for example
“Is this the "TEH’ Czech phone”.

In Figure 9.1 we see the binary tree partition chosen by the algorithm after
finding 8 classes. We notice that the algorithm produces a right branching tree.
That means that each question chosen identifies small classes (most of them consist
of one phone), while the majority of phone models are still tied with one common
weight. This suggests that only a few phones contribute most of the improvement
in discrimination. Another observation we make from the figure is that the majority
of questions involve vowels. This means that putting individual weights for some
vowels is more beneficial than other classes, which is consistent with the results
(f)-(g) of Table 9.1 that suggests vowels with individual weights are more beneficial
than consonants.

The results in Table 9.1 show that we obtain gains comparable to the knowledge
based approach with far fewer parameters. We were not successful in finding a
partition that achieved a higher accuracy than the sparse partition with one phone
per class. However, this technique should prove robust as more information sources
are incorporated into the model.

In Figure 9.2 we plot the accuracy achieved by the system as a function of the
number of classes chosen by the automatic algorithm (on both the training and
the test data); the accuracy achieved by the system with the sparse phone partition
(knowledge based partition) is also plotted. We notice that after 8 classes the change
in WER from adding extra classes is negligible.
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9.4 Discussion

In this chapter, we have presented a new approach for sub-word multilingual
acoustic model combination. This approach aimed at an optimal integration of all
possible information sources (in our case the acoustic models from multiple languages
and a language model for the target language) into one log-linear posterior proba-
bility distribution. The weights of this log-linear combination can either be static or
dynamic. Static weights were optimally determined for each source language system
(on held out data) and were held constant for all hypothesized segments. Dynamic
weights allowed the different language systems to contribute variably, as a function
of the hypothesis.

In the case of dynamic combination, apart from the problem of finding the opti-
mal parameters A(+), we faced another optimization issue: that of finding the optimal
functions Fj(-) for each information source. In Section 9.3.3 we described an auto-
matic approach that constructs such partition in an attempt to achieve the lowest
word error rate (WER) with the minimum number of parameters A(-).

Experimental results compared the static and the dynamic combination ap-
proaches and showed that dynamic combination of multilingual acoustic phonetic
classes is superior to static combination of multilingual acoustic scores. Previous at-
tempts at multilingual acoustic clustering have been mainly employed in maximum
likelihood modeling [23]. Here, we have shown that minimum risk acoustic cluster-
ing is effective in finding acoustic classes that directly minimize the word error rate
using MAP decision rules.

We note in closing that the cross-corpus acoustic normalization framework of
Chapter 7 can be potentially useful for multilingual ASR systems. As we mentioned,
most of the aforementioned training approaches are based on multilingual speech
data pooling followed by acoustic model adaptation to fit the characteristics of a
target language. However, as in the experiments described earlier in Section 8.3, it
often happens that simply combining data from multiple languages actually hurts
ASR performance in a single language. Therefore, it can be advantageous to study

multilingual ASR by first removing non-linguistic differences between collections.
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Figure 9.1: The binary tree partition constructed by the automatic partition algo-
rithm. The class weights are shown in each leaf.
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Figure 9.2: Word Error Rate (%) of systems derived with the knowledge based
partition and the automatic partition algorithm of Section 9.3.3, and tested on both
the training and test data as a function of the number of classes. For the knowledge
based partition system each phone model has its own weight (71 classes in total).



Chapter 10

Conclusions and Future Work

10.1 Thesis Summary

As we discussed in Chapter 2, linear transforms have been used extensively in
hidden Markov model (HMM) based Automatic Speech Recognition (ASR) systems
for feature normalization and modelling of correlations between spectral parameters.
Until recently, these transformation techniques have been based on the maximum
likelihood (ML) parameter estimation framework. In this thesis, we proposed dis-
criminative and Bayesian training approaches, as an alternative to the ML criterion,
for the parameters of the linear transforms. Discriminative training, under the Max-
imum Mutual Information (MMI) criterion, is attractive because it directly attempts
to optimize performance on the acoustic training. On the other hand, Bayesian learn-
ing provides a formulation to combine prior information for the parameters of the
linear transforms, with acoustic information, as provided by the training data. In
this way, Bayesian learning approaches prevent the training algorithm from finding
solutions that deviate significantly from what is expected based on prior knowledge.
Thus, Bayesian learning is particularly useful for dealing with problems posed by
sparse training data.

In summary, this thesis placed emphasis on:

e Novel estimation procedures for the linear transforms based on different esti-
mation criteria, i.e. the Maximum Mutual Information and the maximum a
posteriori criterion, with the aim of improving the overall recognition perfor-

mance of ASR systems.
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e The use of linear transforms in acoustic normalization procedures for enlarging
an ASR acoustic training set with out-of-domain acoustic data, in an effort to

combine heterogeneous data sources for acoustic training.

e A new approach for sub-word multilingual acoustic model combination. Specif-
ically, procedures for combining multiple acoustic models, obtained using train-
ing corpora from different languages, in order to improve ASR performance in

languages for which large amounts of training data are not available.

We began this thesis with a brief overview of ASR systems and a review of the
use of linear transforms along with their elementary properties. Then, in Chapter 2,
we presented prior research into the application of linear transforms in ASR systems.
In Chapter 3, we described the objectives of this work.

Then, in Chapter 4, we described the integration of Discriminative Linear Trans-
forms into Maximum Mutual Information (MMI) estimation for Large Vocabulary
Speech Recognition. We developed novel estimation procedures that find Discrim-
inative Linear Transforms jointly with MMI for feature normalization and we pre-
sented reestimation formulae for this training scenario. These fully discrimina-
tive procedures were derived by maximizing the Conditional Maximum Likelihood
(CML) auxiliary function. The transforms obtained under the CML criterion are
termed Discriminative Likelihood Linear Transforms (DLLT).

Then, in Chapter 5, we validated DLLT as an estimation procedure and compared
the proposed discriminative training technique to its Maximum Likelihood coun-
terpart for Large Vocabulary Conversational Speech Recognition (LVCSR) tasks.
DLLT was evaluated on the SWITCHBOARD corpus and gave approximately 0.8%
absolute Word Error Rate improvement over the ML estimation procedure (see Ta-
ble 5.2 and Table 5.6). In conclusion, DLLT provides a discriminative estimation
framework for feature normalization in HMM training for LVCSR tasks that out-
performs in recognition performance its Maximum Likelihood counterpart.

We also introduced in Sections 6.4 and 6.5, a novel structural maximum a pos-
teriori (MAP) estimation framework for feature-space transforms inspired by the
structural MAP estimation treatment of model-space transforms presented by Sio-
han et al. [119]. A Bayesian counterpart of the maximum likelihood linear transforms
(MLLT) was formulated based on MAP estimation. The prior distribution of the

transformation parameters was modelled by the family of matrix variate normal dis-
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tributions. The proposed structural MAP estimation framework for feature-space
transforms is particularly useful for dealing with problems posed by sparse training
data for which the ML approach, i.e. MLLT, can give inaccurate estimates.

Then, in Chapter 7, we described an acoustic normalization procedure for enlarg-
ing an ASR acoustic training set with out-of-domain acoustic data (see Figure 7.1).
The approach was a straightforward application of model-based acoustic normaliza-
tion techniques to map the out-of-domain feature space onto the in-domain data.
Under this procedure, a larger in-domain training set can be created by transforming
the out-of-domain feature space to match the in-domain training population.

In Chapter 8, we put the cross-corpus normalization procedure into practice by
investigating the use of diverse Mandarin speech corpora for building a Mandarin
Conversational Telephone Speech ASR system. Baseline experimental results (see
Table 8.7) showed that simply adding out-of-domain data, actually degraded per-
formance. We then applied the normalization procedure both on the corpus-level,
as proposed in Section 7.2, to reduce corpus-wide variabilities between each out-of-
domain data source and the in-domain corpus, and on the speaker-level, as proposed
in Sections 7.3.1 and 7.3.2, to minimize speaker-to-corpus variabilities. The cross-
corpus normalization made it possible to improve performance by adding a severely
mismatched corpus (see Table 8.7) that otherwise leads to performance degradation.
Also, experimental results showed that MAP estimation of linear transforms provides
improved performance relative to ML estimation procedures when data sparseness
is encountered. Finally, we found that cross-domain normalization can also improve
Speaker Adaptive Training (SAT). The experimental results of Section 8.6 showed
that performing SAT over cross-corpus normalized data effectively doubled the gains
obtained from SAT alone on this corpus.

Finally, in Chapter 9, we presented a new approach for sub-word multilingual
acoustic model combination. This approach aimed at an optimal integration of all
possible information sources into one log-linear posterior probability distribution.
The weights of this log-linear combination can either be static or dynamic. Static
weights were optimally determined for each source language system (on held out
data) and were held constant for all hypothesized segments. Dynamic weights al-
lowed the different language systems to contribute variably, as a function of the
hypothesis. We developed an automatic approach to find the optimal partitioning

of model scores into classes. This automatic approach which gives a binary tree
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structured partition tries to achieve the minimum word error rate with the mini-
mum number of classes. The optimization of the weights was based on the simplex
downhill method known as amoeba search.

Experimental results compared the static and the dynamic multilingual acous-
tic model combination approaches. We used a combination of English and Czech
acoustic models trained from English Broadcast News and Czech from the Charles
University Corpus of Financial News (CUCFN), respectively. The experimental re-
sults showed that dynamic combination of multilingual acoustic phonetic classes is
superior to static combination of multilingual acoustic scores (see Table 9.1). In
conclusion, we have shown that minimum risk acoustic clustering is effective in find-
ing acoustic classes that directly minimize the word error rate using MAP decision

rules.

10.2 Suggestions For Future Work

We now outline some directions for future research:

Discriminative cross-corpus acoustic normalization We have found that dis-
criminative training under the Maximum Mutual Information criterion of linear
transforms and HMM parameters for feature normalization outperforms ML train-
ing. The cross-corpus normalization procedure, which incorporates linear transforms
into acoustic normalization, was based on the ML criterion. Therefore, the acoustic
normalization technique can be transformed into a discriminative modeling tech-
nique, in a manner analogous to the approach we have taken in Chapter 4, in order

to improve the effectiveness of the normalization procedure.

Combination of discriminative training within a Bayesian formalism We
have found that MAP estimation of linear transforms provides improved perfor-
mance relative to ML estimation procedures when data sparseness is encountered.
Hence, it is also possible to improve MMI estimates, based on insufficient data,
by incorporating prior information about the transformation parameters into the

discriminative training framework.
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Controlling the contribution of out-of-domain data The linear transforms,
employed in the cross-corpus normalization procedure, attempt to capture non-
linguistic acoustic variations between heterogeneous collections. However, in many
cases the mismatch between acoustic sources is nonlinear and the functional form is
unknown [131]. As an alternative to relying entirely on the modeling accuracy of the
linear transforms, a weighted version of the classical ML estimation framework can
be used [41, 61, 83]. A closely related approach to the weighted maximum likelihood
applied to ASR systems is the selective training procedure by Arslan and Hansen [4]
which controls the influence of outliers in the training data. We expect the pri-
mary challenge to be the identification of the out-of-domain data that needs to be
downweighted and the estimation of the corresponding weights. One possibility is to
use a distance that measures the deviation of the normalized observation from the
current estimated model and to downweight the corresponding likelihood function
according to this distance [41]. The overall goal is to control the contribution of
the out-of-domain data in such a way that the accuracy of the resulting model for a

specific task is maximized.



Appendix A

Measuring the Distance Between
Gaussian Densities Based on

Kullback-Leibler Divergence

In this Appendix we provide a detailed derivation of the average Kullback-Leibler
(KL) divergence between pairs of Gaussian densities on a per mixture component

level, defined as

S M(s)

D(Ty,T) = T Z; Z:lDKL q(Cls,m; Ty), q(C|s, m; Ty)) (A1)

where M(s) is the number of mixture components in state s; ¢((|s,m;T;) and
q(C|s,m; Ty) are the mth Gaussian mixture component of state s, which are repa-
rameterized by T} and 75, respectively.

The KL divergence Dy, in equation (A.1) is defined as [24]

Dkt (q(¢ls,m; Th), q(Cls, m; To)) = By o, {log Zz?} (A.2)

We then substitute in equation (A.2) the expression for the reparameterized Gaus-
sian densities, as given by equation (1.33), and calculate the logarithm in equa-

tion (A.2) as
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Given the above expression for the logarithm, the KL divergence Dy of equa-
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