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Abstract

With the progress made in the speech processing over the last few decades, an in-

creasing number of user applications employing automatic speech recognition (ASR)

systems are being developed. In such human-machine interaction (HMI) applica-

tions, the ASR system is often accessed by both the adults and the children. It is

well known that the ASR systems trained on the adults’ speech exhibit a severely

degraded recognition performance when used for transcribing the speech data from

the child speakers and vice-versa. One of the ways to achieve good ASR perfor-

mance for both the adults and the children is to pool a large amount of data from

both the group of speakers in the training of the system. The scarcity of the chil-

dren’s speech corpus makes this approach infeasible. On the other hand, pooling

a limited amount of children’s data with the adults’ training set is not found to

be very effective. Consequently, this thesis explores the possibility of achieving im-

proved recognition performance for the children’s speech on adults’ speech trained

ASR systems.

To enhance the performance of the children’s mismatched ASR, the thesis begins

with an exploration of some of the existing adaptation/normalization techniques.

Despite the observed improvements with the application of the existing approaches,

a large gap still remains between the adults’ matched and children’s mismatched

testing cases. This gap in the performance is attributed to the severe mismatch in

the acoustic and the linguistic correlates for the adults’ and the children’s speech.

Among the various sources of mismatch identified in literature, the differences in the

size of the vocal organs and the pitch (fundamental frequency) are known to be the

most dominant ones. The frequency-warping-based vocal tract length normalization

(VTLN) approach is already noted to be very effective in mitigating the ill effects of

the differences in the vocal tract dimensions. Therefore, we have tried to analyze the

cause and the extent of the pitch-induced mismatch between adults and children in

this work. Based on our analysis, we have devised techniques that target the pitch

variation across the speakers.
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One of the propositions in this thesis is the reduction of the pitch-induced varia-

tions through a structured projection of the front-end features and the parameters

of the acoustic model to a lower dimensional subspace. Additionally, a spectral

smoothing approach is proposed which address the pitch-induced distortions prior

to computation of the acoustic features. Both these approaches are found to be

highly effective in the context of the children’s mismatched ASR. Furthermore, the

proposed techniques are noted to result in additive improvements when combined

with some of the existing feature-space normalization as well as the model-space

adaptation techniques. In order to reduce the latency in the implementation of the

model-space adaptation approaches, we have also developed a few fast adaptation

techniques suitable for those ASR tasks involving HMI.

Most of the presented techniques were initially developed for the acoustic modelling

employing the Gaussian-mixture-based hidden Markov models (GMM-HMM). But,

the observed improvements are also found to hold largely for the recently introduced

acoustic modelling techniques based on the subspace GMM (SGMM) and the deep

neural network (DNN). In the case of the SGMM- and the DNN-based systems,

we have also studied the relative effectiveness of the VTLN and the feature-space

maximum likelihood linear regression (fMLLR). The fMLLR-based feature normal-

ization is already reported to be very effective for the DNN-based system. On the

other hand, the VTLN is observed to be largely ineffective in those cases where

the number hidden layers is very large. On the contrary, our study finds that the

VTLN is effective not only for the shallow networks but also for the deeper ones in

the context of the children’s mismatched ASR.

Keywords: Automatic speech recognition, acoustic mismatch, children’s ASR,

sparse representation, fast adaptation, pitch-adaptive MFCCs, adaptive-liftering,

SGMM, DNN.
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1. Introduction

Automatic speech recognition (ASR) refers to the task of generating the word level tran-

scriptions for the spoken inputs with the use of a computer. Speech forms the most preferred

means of communication among humans. One of the prime objectives of the research and

development in ASR domain is to achieve effective human-machine interaction (HMI). ASR is

considered as the most challenging task among various speech processing tasks, but it finds a

growing number of practical of applications. Initially, in the early 20th century, the pace of

research in ASR was slow. With the introduction of the hidden Markov model (HMM) [1, 2]

into speech recognition (in the 1970s), the research in ASR has seen a tremendous growth.

The HMMs have been investigated extensively and emerged as the most dominant technique

for acoustic modelling in ASR systems. After successfully addressing simple connected and

isolated word recognition tasks, the current focus is on the continuous speech recognition. Fur-

ther, the size of the recognition vocabulary has also increased from few tens of words to several

thousands of words these days.

A simplified block diagram representing the structure of an ASR system is shown in Fig-

ure 1.1. During the data acquisition module, the input sound pressure wave is converted into

an electrical signal through a microphone and then recorded in digit format. The input raw

speech waveforms are first chopped into short-duration frames which are then converted into

a suitable parametric representation in the feature extraction module. The chosen paramet-

ric representation intends to capture the relevant information in speech signal while removing

the redundancies to achieve a compact representation. These short-time parametric representa-

tions are also referred to as the acoustic feature vectors. The Mel-frequency cepstral coefficients

(MFCC) [3] and the perceptual linear prediction cepstral coefficients (PLPCC) [4] are the two

dominant examples of the commonly used ones. A brief summary of those acoustic feature

extraction techniques is given in Appendix A.

For acoustic modelling, ASR systems typically employ the HMM-based generative models.

In the HMM-based ASR systems, the observations for any particular acoustic unit are assumed

to be generated by a finite state machine with state-specific probabilistic distributions. De-

pending on the complexity of the recognition task, the acoustic units may be chosen as words

or sub-words (phone, syllable). At each time unit, change in the state of the system occurs with

a certain probability. An observation is generated with some probability distribution whenever

a state is entered. One of the ways to model the state observation probabilities is to use a mul-

tivariate Gaussian mixture model (GMM). Over the years, efficient algorithms for the training

of the parameters of the GMM-HMM system as well as for performing search and decoding
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Figure 1.1: A simplified block diagram representing the structure of a typical automatic speech
recognition system.

over the network have been developed. The subspace GMM (SGMM) [5] is another acoustic

modelling technique reported in literature. In the recent past, there has been a paradigm shift

whereby the state-specific posterior probabilities are generated through the neural networks.

Deep neural network (DNN) containing many non-linear hidden layers and a very large output

layer are being used for this purpose [6]. In Appendix B, a discussion on the three acoustic

modelling techniques explored in this thesis are discussed.

The language model (LM) gives the prior probability of a hypothesized sequence ofN words,

W̃ =W1,W2, . . . ,WN . The LM can be factorised into a product of conditional probabilities as

follows:

P (W̃ ) = ΠN
n=1P (Wk |Wn−1, . . . ,W1) (1.1)

where the nth word in the sequence is denoted by Wn. The language model is a discrete

probability learned on a large text corpus. The n-gram statistical language models are widely

used in ASR with bigram and trigram being the most common denominations. The lexicon or

the dictionary is used to map sub-word units to actual words present in the vocabulary and

the language model.

In the practical ASR systems, the speech data from a large number of speakers is pooled

to train the statistical acoustic models. This is done in order to robustly model the speaker,

the session and the linguistic variability. Such ASR systems are referred to as the speaker

independent (SI) systems as the trained acoustic models represent all the speakers in an average

sense. For any speaker in particular, the recognition performance can be significantly improved

by training an ASR system using the speech data specific to that speaker. The so developed

ASR system is called the speaker dependent (SD) system. Developing an SD system is often

impractical as a huge amount of training data is required for a robust estimation of the acoustic
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model parameters. In addition to that, the performance of the developed SD system may not

be optimal for other speakers. Several techniques have been devised to map the SI system

parameters to the corresponding SD space of a particular speaker using a small amount of data

from the target speaker. This approach is termed as speaker adaptation, and the developed

ASR systems are referred to as the speaker adapted (SA) systems. Adapting an SI system to

better represent a particular speaker using a small amount of adaptation data is reported to

outperform the SI system. A large number of adaptation techniques have been proposed over

the last two decades. An excellent review of these techniques is available in [7].

1.1 Motivation for the Study

Over the past few decades, the scope of ASR has spread across a wide range of applications.

Several toolkits [8–10] have also been developed to aide the research in ASR and to enable the

development of user-specific applications involving speech recognition. Many of those applica-

tions involve human-machine interactions. Some examples of such applications are speech-based

information retrieval, speech-based web search, reading tutors, language learning tools and en-

tertainment [11–16]. In such tasks, the employed ASR system is required to deal with speakers

of both the genders and belonging to various age groups. In general, the SI systems developed

for the adult speakers show a degraded recognition performance when used for transcribing the

children’s speech data. Similar degradation is observed when children’s speech trained SI sys-

tems are employed for transcribing the adults’ speech data. The in-vocabulary word error rate

in speech recognition for children’s speech is double of that for the adults’ speech as reported

in [17]. Further, a large degradation in ASR performance is observed when children’s speech

is tested against the acoustic models derived from adults’ speech [18–20]. The salient factors

causing the differences in the adults’ and children’s speech are summarized in [21] as follows

“...differences are attributed mainly to the anatomical and the morphological differences in the

vocal-tract geometry, less precise control of the articulators and a less refined ability to control

suprasegmental aspects such as prosody.” In addition to that, children’s speech has higher

fundamental and formant frequencies and greater spectral variability as reported in [22, 23].

Separate acoustic models, one trained using adults’ speech and the other using children’s

speech, can be employed to address this issue. Another way to overcome the aforementioned

problem is to pool a large amount of data from both the adult and the child speakers for

learning the model parameters. Unfortunately, publicly available children’s speech data is

very scarce which limits the development of ASR system employing state-of-the-art techniques
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unlike the adults’ case. Alternatively, one can explore ways of improving the recognition of

children’s speech on adults’ speech trained acoustic models. In this thesis, the latter approach

is resorted to and is referred to as the children’s mismatched ASR. On the other hand, the task

of recognizing adults’ and children’s speech on the ASR systems trained using their respective

domain data is referred to as the matched ASR.

The work presented in this thesis explores the ways and means to improve the recognition

of children’s speech on acoustic models trained using adults’ speech. One way to achieve

this is to improve the trained acoustic models by employing model-space-based adaptation

approaches. As mentioned earlier, a number of such techniques have already been reported in

literature [7]. In general, the effectiveness of any adaptation technique depends on the number

of SI parameters optimally modified with respect to the test speaker/utterance. This, in turn,

depends on the amount of available adaptation data. The conventional techniques such as the

maximum a posteriori (MAP) adaptation [24] and the maximum likelihood linear regression

(MLLR) adaptation [25] work very well when the available adaptation data is large enough. At

the same time, these approaches become largely ineffective in those cases where the adaptation

data is small (5-10 seconds only). The fast adaptation techniques, on the other hand, try to

modify the system parameters with such small amount of adaptation data. In such approaches,

the basic premise is that the adapted model parameters lie in a low-dimensional subspace

spanned by a set bases (known beforehand) [7].

Another way to improve the recognition performance of the mismatched ASR system is

through the use of feature-space normalization techniques like the vocal tract length normal-

ization (VTLN) [26] and the constrained MLLR (CMLLR) [27]. Due to a large mismatch in

the acoustic characteristic of the children’s and adults’ speech, the use of normalization tech-

niques become quite effective [28]. Moreover, the feature-space normalization techniques can

be employed in combination with the model-space adaptation approaches. The combination of

the two is observed to result in significant improvements in the recognition performance of the

mismatched ASR system [28–30].

Despite the use of existing adaptation/normalization approaches, a large gap still exists

in the recognition performances for the acoustically matched and mismatched cases. In the

following, we discuss some of the major factors responsible for the observed degradations.

Once the major mismatch factors are figured out, adaptation/normalization techniques specific

to children’s mismatched ASR can be developed.
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1.2 Challenges in Children’s ASR

Over the last few decades, recognition of adults’ speech has witnessed significant improve-

ment. On the other hand, limited efforts have been made towards improving children’s ASR.

Large differences in both the acoustic and the linguistic correlates between the speech from

the adult and the child speakers make the automatic recognition of children’s speech much

tougher [21, 31–34]. During the growing phase, the ability of a child to produce varying

speech sounds properly and accurately improves with the age [35]. Furthermore, as stated

earlier, children’s have smaller vocal organs compared to the adults. Consequently, speech

from child speakers has higher fundamental and formant frequencies and greater spectral vari-

ability [22, 23]. In addition to that, the overall speaking rate is slower in the case of children

and they have more variability in the speaking rate as well [21, 28]. The children’s speech is

reported to have greater values for the mean and the variance for the acoustic correlates of

speech than those for the adults’ [28]. For example, as observed in [22], for most of the vowel

phonemes the area of the F1-F2 formant ellipses is larger for the children than for the adults.

Consequently, children’s speech suffers from a higher degree of inter- and intra-speaker acoustic

variability than the adults’ speech [21, 36]. From the linguistic perspective, children are more

likely to use imaginative words, ungrammatical phrases and incorrect pronunciations as stated

in [16].

To compensate for these sources of mismatch, a number of techniques have been suggested

in literature for children’s speech recognition under the mismatched conditions. Burnett and

Fanty proposed a fast approach for compensating the formant scaling using a speaker-dependent

warping of the frequency scale through offsets in the Bark -domain [19]. Gustafson and Sjölander

reported an improved recognition of children’s speech on publicly available fixed adults’ speech

trained ASR with an explicit reduction of the pitch of the signals [37]. In addition, the improved

phone classification with pitch-dependent normalization [38] and speech reconstruction by pitch

prediction using the MFCC features have also been reported [39]. Further, the VTLN has been

noted to be very effective for the children’s mismatched ASR [28]. Lately, it has been shown

that the standard Mel-filterbank involved in the MFCC feature extraction is not able to provide

sufficient smoothing especially for the high-pitched child speakers [40]. As a result, there can

be a significant mismatch in the variances of the higher-order MFCCs for adults’ and children’s

speech [41]. To reduce the resulting mismatch, a simple binary weighting (BW) of the features

that essentially truncates some higher-order coefficients in the base MFCC features is explored

in [40].
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1.3 Objectives and Contributions

The work presented in this thesis mainly deals with the task of recognizing children’s speech

on acoustic models trained using adults’ speech. Gross mismatch in the acoustic attributes be-

tween the adult and the child speakers can lead to a severe degradation in the recognition

performance as noted in the earlier works [17–21, 28]. On account of the differences in the

dimensions of the vocal organs, children’s speech exhibit not only much higher formant fre-

quencies but also much higher fundamental frequency values than those observed in the case

of adults’ speech. Thus, apart from the vocal tract length differences, large differences in the

pitch values for the above mentioned group of speakers also contribute to acoustic mismatch.

The fact that the Mel-filterbank involved in the standard MFCC feature extraction fails

to smooth out the pitch harmonics effectively for the high-pitched child speakers is already

highlighted in [40]. As a result of the pitch-induced distortions in the spectral envelope, a

significant mismatch is noted in the variances of the higher-order MFCCs for the adults’ and

children’s speech [41]. In the GMM-HMM-based acoustic models trained on adults’ speech, the

variances corresponding to the higher-order coefficients are usually much smaller relative to the

lower-order ones in all three streams of the MFCC feature vector. On computing the likelihood

of children’s test data with respect to models trained on adults’ speech, the Mahalanobis

distance metric happens to enhance the distance score for the higher-order feature coefficients

due to a higher precision in the acoustic models [41]. This leads to a degradation in the

likelihood which, in turn, degrades the recognition performance.

The thesis aims at reducing the pitch-induced mismatch through the use of model-space-

based adaptation approaches as well as feature-space-based normalization techniques. In this

regard, we have analyzed the cause and the extent of pitch-induced distortions in the acoustic

feature extraction process from the signal processing perspective. This has enabled us to de-

velop an acoustic feature extraction process that is robust to the gross variation of the pitch

across the speakers. Moreover, the techniques proposed in this work are intended towards

those applications that involve human-machine interactions. Consequently, the latency (or the

computational cost) involved in implementing the adaptation/normalization approaches is also

given due focus in this thesis. In the presented work, the ASR systems employed in experimental

evaluation are trained and optimized for the adult speakers. The developed mismatch reduction

approaches are then implemented to improve the recognition of children’s speech keeping the

overall computational cost as low as possible. Though most of the adaptation/normalization

techniques were initially developed keeping the GMM-HMM-based ASR systems into consider-
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ation, the developed approaches are found to be effective even in the case of acoustic modelling

based on SGMM and DNN.

The salient contributions of the thesis are summarized as follows:

• Exploring the effectiveness of existing model-interpolation-based fast adaptation tech-

niques to improve the recognition performance of the children’s mismatched ASR system.

• Developing a sparse representation-based fast adaptation technique having lower compu-

tational cost compared to the existing approaches.

• A structured low-rank feature-projection-based fast adaptation approach is developed to

address the pitch-dependent mismatch in the variances of the acoustic features.

• Exploring the role of pitch-adaptive signal processing in the extraction of the MFCC

features.

• A novel adaptive-liftering-based approach is proposed for deriving pitch-robust MFCC

features.

• Further, the effectiveness of the pitch-adaptive MFCCs for children’s mismatched ASR is

also demonstrated in the context of the SGMM- and the DNN-based acoustic modelings.

1.4 Thesis Organization

The remaining of the thesis is organized as follows:

It begins with a brief survey of the salient model- and feature-domain adaptation/normaliza-

tion techniques in Chapter 2. The thesis aims at devising low latency adaptation approaches.

Keeping the latency low makes the adaptation/normalization techniques amenable for HMI

tasks. Consequently, the fast adaptation techniques such as those based on acoustic model in-

terpolation are given greater focus. The description provided in this chapter serves as a ready

reference to all those techniques that are referred later in the thesis.

In Chapter 3, the model-interpolation-based fast adaptation techniques using sparse repre-

sentation are discussed. First, a technique that makes use of sparse coding for the dynamic

selection of acoustically close basis models is presented in Section 3.2. This is followed by a dis-

cussion on a novel approach that uses sparse coding for adapting the Gaussian mean parameters

of a GMM-HMM-based ASR system in Section 3.4. The presented approaches are evaluated

on the matched and the mismatched test sets and are found to be quite effective. In addition
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to that, the use of sparse coding is observed to reduce the computational cost significantly.

Furthermore, the experimental evaluations presented in this chapter also highlight the degra-

dation in the recognition performance that is observed when children’s speech is recognized on

acoustic models trained using adults’ speech. This serves as the motivation for developing fast

adaptation approaches specific to the children’s mismatched ASR task.

An analysis of the observed degradations in the case of children’s mismatched ASR is pre-

sented in Chapter 4. The study presented in this chapter highlights the cause of pitch-induced

distortions noted when high-pitched signals are analyzed using static front-end signal process-

ing techniques. We make use of the conclusions drawn in this chapter as the theoretical basis

for the rest of the work reported in the thesis.

In the case of children’s speech, the variances of the higher-order cepstral coefficients is

observed to be much greater than that for the adults’ speech as mentioned earlier. A fast

adaptation technique based on structured low-rank feature projections for normalizing the

mismatch in the variances is presented in Chapter 5. Further, a study on effectively combining

the low-rank feature projections with different model-space-based adaptation techniques as well

as feature-space normalization approaches is also presented in this chapter.

In Chapter 6, we explore the effectiveness of pitch-adaptive signal processing in the front-

end speech parameterization process. In this regard, we propose a simple technique based on

pitch-adaptive liftering. The proposed as well as the existing pitch-adaptive techniques are

found to be quite effective in the case of the children’s mismatched ASR task.

The role of some of the adaptation/normalization techniques is explored in the context of

the mismatched ASR system employing the DNN-HMM-based acoustic modelling in Chapter 7.

In addition to that, the acoustic modelling based on the SGMM is also explored. The use of

the low-rank feature projection and the pitch-adaptive acoustic features are shown to be quite

effective even in the SGMM- and the DNN-based acoustic modelling for the mismatched ASR

task.

Finally, the concluding remarks are given in Chapter 8 while summarizing the salient results

and discussing the scope of future work.
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2. Survey of Speaker Adaptation and Normalization

The adaptation techniques for the GMM-HMM system are generally classified into three

families of approaches viz. the maximum a posteriori (MAP), the linear transform and the

speaker cluster family as given in [7]. The MAP and the linear transform families belong

to the class of conventional adaptation techniques. On the other hand, the acoustic model-

interpolation-based fast adaptation techniques belong to the speaker-cluster/speaker-space fam-

ily. In this work, we have further classified the fast adaptation techniques as shown in Figure 2.1.

In model-interpolation-based approaches a set of predefined model parameters are linearly com-

bined to derive the adapted model parameters. These techniques have been explored for the

adaptation of the Gaussian mean as well as the mixture-weight parameters. In the case of

Gaussian mean parameter adaptation, the acoustic models to be interpolated are either fixed

a priori or determined dynamically for each test speaker/utterance. The performances for

the discussed approaches are also subject to the availability of the true transcription of the

adaptation data and the information about the speaker.

In ASR systems, the adaptation is usually performed in three ways: batch, incremental and

instantaneous modes [42,43]. In the batch mode, full adaptation data is available a priori to the

system while in the incremental mode, on the other hand, it is made available dynamically. In

the case of instantaneous adaptation, the given test utterance is used to estimate the adaptation

transformation. In the remaining of this thesis, this case will be referred to as the utterance-

specific mode. Incremental adaptation applies to the case where the system adapts in an

unsupervised manner every utterance the user says. In other words, when the nth test utterance

is made available, the statistics of all previous (n − 1) utterances are accumulated with the

current statistics. Depending on the availability of the true transcription of the data, the

adaptation is referred to as supervised or unsupervised.

In this chapter, a brief review of the conventional adaptation approaches is presented in

Section 2.1. This is followed by the formal definition of the model-interpolation-based fast

adaptation in Section 2.2. A detailed survey of the acoustic model-interpolation-based fast

adaptation techniques developed over the years is presented next. We begin with a discussion

on the Gaussian mean adaptation techniques in Section 2.3 which is followed by a discussion on

approaches based on mixture-weight interpolation in Section 2.4. Those techniques that happen

to be an extension of some other earlier reported work are all discussed under one broad heading.

This is followed by a discussion on some of the speaker normalization approaches reported in

literature in Section 2.5.
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MAP family

Mixture−weight
Interpolation

Mean Interpolation

Linear transform family

Static Bases Dynamic Bases

Conventional
approaches

Fast approaches

Speaker/Acoustic Adaptation Techniques

Speaker cluster family
Speaker space family/

Figure 2.1: Broad classification of different techniques developed for speaker/acoustic adaptation in
the context of ASR systems.

2.1 Conventional Adaptation Approaches

2.1.1 MAP family

The maximum a posteriori (MAP) technique is the oldest and the most powerful adaptation

approach. In this technique, the parameters of a well trained SI model are used as the prior

information to estimate the new speaker-specific model parameters. Given the set of GMM-

HMM-based acoustic models parameters Λ for the SI system and adaptation data vector O =

(o1, . . . , oL) which is a series of L observation sequences, the adapted model parameters are

estimated using the following criterion:

Λ̂ = argmax
Λ

p(Λ|O) = argmax
Λ

p(O|Λ) p(Λ). (2.1)

Given the prior mean vector φ̄r for the rth Gaussian in the SI system, the estimate of the mean

for the adapted system is given by

φ̂r =
τ φ̄r +

∑L
l=1 γ

r(l)ol

τ +
∑L

l=1 γ
r(l)

(2.2)

where τ is a meta-parameter which controls the bias between the maximum likelihood (ML) and

the prior estimate of the mean while γr(l) is the posterior probability of the data with respect

to the rth Gaussian in the SI system for the lth frame. It is clear from the above equation that

if the adaptation data increases, the MAP estimate converges to the ML estimate. Similar

update rules for the covariance matrices and the mixture-weights can also be derived [24].
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The main drawback of the MAP adaptation is that it is a slow a process and only those

Gaussians that are observed in the adaptation data get adapted. Several techniques addressing

the shortcomings of the MAP adaptation have been proposed in literature [44–46]. Regression-

based model prediction (RMP) [45], first updates the means using the standard MAP adap-

tation. Those parameters that have received a good amount of data for estimation (source

parameters) are then used to estimate the values of the poorly adapted parameters whose final

value is a linear combination of the initial MAP estimate and the weighted predicted values

(weighted in terms of the inverse variance estimates). The RMP is reported to result in better

performance than the MAP when the available adaptation data is less. Towards addressing the

shortcomings of conventional MAP, another algorithm employing tree-structured constraints in

the estimation of parameters and is referred to as the structural MAP (SMAP) [47].

2.1.2 Linear transform family

The transformation of the SI parameters based on the maximum likelihood linear regression

(MLLR) belongs to this class of acoustic adaptation. Like the MAP, the MLLR also requires

an initial continuous density HMM system. In the MLLR, it is assumed that the differences

in speaker characteristics are mainly revealed by the mean vectors of the GMM-HMM -based

ASR system. Hence, given the adaptation data, generally the Gaussian means parameters are

re-estimated in this technique [25]. Extension of this technique can be used to estimate the

covariance matrices as well [48].

In the case of MLLR, for any particular Gaussian r in the unadapted SI systems, the adapted

mean vector is modeled as

φr = Pφ̄r + b (2.3)

where P is the MLLR transformation matrix and b is an optional bias vector. Alternatively,

we can rewrite (2.3) as

φr = Wξr (2.4)

where W = [b P] is the D × (D + 1) transformation matrix (D being the dimension of the

observation vector) and ξr = [1 φ̄rT ]T is the extended mean vector. In order to estimate the

the transformation matrix W, the likelihood of the adaptation data is maximized using the

expectation-maximization (EM) algorithm. In the case of MLLR, the auxiliary function to be
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maximized is given by the following equation:

Q(Λ, Λ̄) =
∑

q

F(O,q|Λ) log
(
F(O,q|Λ̄)

)
(2.5)

where Λ and Λ̄ are the current and the updated GMM-HMM parameters, respectively, O is

the adaptation data and q is the set of all possible state sequences. Usually the transformation

matrix is shared by a number of Gaussians if a sufficient amount of adaptation data is not

available for the estimation of the transformation matrices for each and every Gaussian [7].

The tying of transformation matrix over a number of Gaussians is performed using regression

class tress based clustering. In this case, the Gaussians that are close in the acoustic space are

clustered together and are transformed using the same matrix W. The clustered components

are then arranged in a tree structure. As the amount of data increases, the tree may be

descended to an appropriate depth and the transformation matrix can be estimated precisely

for all other Gaussians [49,50]. Due to the imposed constraints, all the Gaussians mean vectors

can be updated using the MLLR transformation with a lesser amount of adaptation data than

the MAP. This subsequently makes the MLLR approach comparatively faster than the MAP

technique.

Even though it had been assumed earlier that the important speaker-specific characteristics

are reflected by the Gaussian means, the MLLR can be used to update the covariance matrices

as well. Once the mean transformation matrix has been evaluated, the covariance can be

estimated in a similar fashion using the following relation as given in [48, 51]

C = HC̄HT (2.6)

where C̄ is the covariance matrix for any Gaussian in the SI GMM-HMM system and H is

the variance transform. A closed-form solution for estimating H using EM algorithm has also

been derived in [51]. A variation of MLLR is the constrained-MLLR (CMLLR) [27]. In this

technique, unlike the MLLR, same transformation matrices are applied to the Gaussian mean

vectors as well as the covariance matrices. The following relations give the rth mean vector and

the covariance matrix transformed using the CMLLR based transformation.

φr = Pc φ̄
r + bc (2.7)

Cr = Pc C̄
r PT

c . (2.8)

In a practice, CMLLR is implemented as a feature-space normalization technique rather than
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model parameter transformation since it can be used to transform the lth observation sequence

ol as follows

õl = P−1
c ol +P−1

c bc (2.9)

where õl is the estimate of the transformed observation vector.

2.2 Model-Interpolation-based Fast Adaptation

One of the simplest fast adaptation technique is the 1-best model-search-based approach.

In this case, instead of decoding the test data O using the SI system Λ, a search is performed

over a set of predefined acoustic models {Λi}. Generally, Λi is derived by modifying the SI

parameters using some developmental data. The search for the optimal acoustic model is

done by computing the likelihood of the given data with respect each of the models p(O|Λi)

and selecting the one which results in the highest likelihood. Consequently, no parameter re-

estimation is performed during the adaptation phase. This approach is quite effective when

the test data happens to be from a speaker whose data has been used for the training of the

acoustic models. In addition to that, the scope of this approach becomes limited if each of the

acoustic models does not robustly represent all the phonetic contexts of the target language.

The acoustic model-interpolation-based adaptation approaches are an extension of the 1-best

search technique.

The model interpolation techniques assume that the adapted model parameters lie in a low

(K) dimensional acoustic space. This low dimensional subspace is, in turn, synthesized by a

linear interpolation of the set of candidate acoustic models {Λi}Ki=1 (bases). If ζi denotes the

acoustic model parameter in Λ modified using the developmental data to derive Λi, the adapted

model parameter for the rth Gaussian is given by

ζr = ζr
0 + η1ζ

r
1 + . . .+ ηiζ

r
i + . . .+ ηKζ

r
K (2.10)

where ζr
0 is an optional bias and {ηi} is the set of interpolation weights. These interpola-

tion weights are generally global in nature, i.e., the same weights are used for estimating the

adapted parameters for all the Gaussians. The remaining parameters in the adapted model are

borrowed from the SI system. Due to the imposed constrains, only the interpolation weight

parameters need to be estimated for each test speaker/utterance leading to a huge reduction

in the computational cost. Furthermore, the reduction in the number of parameters to be es-

timated implies that those can be robustly estimated using even a small amount of adaptation
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Figure 2.2: Acoustic model-interpolation-based adaptation approach. In this case ζj denotes the
model parameters in Λj to be interpolated to derive the adapted model parameter ζ and ηj denotes
the interpolation weights.

data. The diagrammatic representation of model-interpolation-based fast adaptation approach

is outlined in Figure 2.2. It is evident from the figure that the 1-best search is an special case

where a unity weight is assigned to the most likely model and zero to the rest.

In the case of model-interpolation-based approaches, there are two main problems to be

addressed.

(i) How are the bases (candidate acoustic models) derived ?

(ii) How are the interpolation weights estimated ?

Usually, the SA models corresponding to each of the speakers in the training dataset serve as

the candidate models. Clustering of the training speakers to obtain cluster-specific acoustic

models is another way to derive the bases. These SA/cluster models are, in turn, obtained

through the MAP or the MLLR transformation of the SI model parameters. In the works

reported in literature, the SA models are derived by adapting only the Gaussian means or the

mixture-weight parameters of the SI system. The model-interpolation-based approaches have

been explored for the adaptation of the Gaussian means and the mixture-weights only. In

other words, ζr
i and ζr in (2.10) denote either the Gaussian mean vector or the mixture-weight.

Recently, a number of techniques have been reported that employ a dynamic selection of bases

prior to model interpolation. This approach is found to outperform the earlier techniques that
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employed fixed bases. In the case of dynamic selection, a set of acoustically close models are

selected using the given adaptation data. The selected model parameters are then interpolated

to synthesize the adapted model parameters. The dynamic selection further reduces the number

of parameters to be estimated since a small subset is selected from all the SA models. In all

cases of model interpolation, the weights are estimated using an iterative ML approach. Some

techniques, especially in the case of mixture-weight adaptation, impose the constraints of non-

negativity and sum-to-one on the interpolation weights during estimation.

2.3 Gaussian Mean Interpolation Schemes

As already discussed, the model-interpolation-based approaches have been employed for the

Gaussian mean as well as the mixture-weight adaptation. In the following we first discuss the

procedure of interpolation weight estimation using the maximum likelihood criterion which is

at the core of the majority of the techniques. This is followed by a discussion on some the

techniques that resort to model interpolation for the adaptation of Gaussian mean parameters

of the HMM.

2.3.1 ML estimation of interpolation weights

The model mean-interpolation-based adaptation techniques use an iterative ML estimation

process to derive the interpolation weights. Given the adaptation data observation sequence,

the weight parameters are so estimated that the likelihood of the adaptation data with respect

to current estimate of the adapted model increases in comparison to that obtained with respect

to the previous estimate. This iterative weight estimation process is similar to the generation of

the MLLR transformation [25]. Let O = (o1, . . . , oL) be the adaptation data which is a series

of L observation sequences, γr(l) be the posterior probability of occupying the rth Gaussian of

a state given that the observation sequence ol is generated, C̄r be the covariance matrix for

the rth Gaussian component in the SI model and D be the dimension of feature vector. Let

Φ = [φ1 . . .φi ldotsφK ] be the matrix of K bases to be interpolated. The mean-supervector φi

is derived from the ith SA/cluster model by stacking all the Gaussian mean vectors. The order

in which the Gaussian means are concatenated should remain the same in all the supervectors.

The adapted Gaussian mean supervector is then modeled as

φ = Φη (2.11)
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where η = [η1 . . . ηK ]
T is the global interpolation weight vector. Note that the bias in (2.10)

has been ignored in this case. Let the current and the updated HMM parameters be denoted

by Λ and Λ̄, respectively. The auxiliary function Q(Λ, Λ̄) to be maximized (ignoring the terms

independent of φ) is expressed as per the following:

Q(Λ, Λ̄) = −
1

2
P (O|Λ)

R∑

r=1

L∑

l=1

γr(l)

(
ol −Φrη

)T

(C̄r)−1

(
ol −Φrη

)
(2.12)

where Φr corresponds to the rth component in the matrix Φ and R is total number of Gaus-

sians in the HMM. Maximizing (2.12) with respect to η gives the updated estimate of the

interpolation weights.

d

dη
Q(Λ, Λ̄) = 0

or −
1

2
P (O|Λ)

d

dη

[
R∑

r=1

L∑

l=1

γr(l)

(
ol −Φrη

)T

(C̄r)−1

(
ol −Φrη

)]
= 0

=⇒ η =

[
R∑

r=1

( L∑

l=1

γr(l)

)
ΦrT (C̄r)−1Φr

]−1 [
R∑

r=

ΦrT (C̄r)−1

( L∑

l=1

γr(l)ol

)]
(2.13)

Using the updated value of η, an estimate of the adapted model mean supervector is then given

as follows:

φ̂ =
K∑

i=1

ηi φi (2.14)

This procedure may be iterated a few times to ensure convergence in ML sense. The detailed

steps involved in the ML weight estimation process are given in Algorithm 1. Except the

Gaussian means, all the remaining parameters of the adapted model (covariance, mixture-

weight and transition matrices) are borrowed from the SI model.

2.3.2 Reference speaker weighting

In the reference speaker weighting (RSW) technique [52], each speaker in the training data

for which a reasonably accurate estimate of the centroid (mean) for each of the phonetic classes

is available is represented as a reference speaker. To deal with the issues of small amount of

adaptation data while creating the reference speakers, adaptation of the monophone models is

performed. The Gaussian mean parameters of each phone class are concatenated to represent

the reference speaker model. For example, for a speaker s (s = 1, . . . , N) and a phonetic class

r (r = 1, . . . , R), the centroid is represented as a vector cr,s and each of the R centroids are
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Algorithm 1 Estimation of the interpolation weights using the ML criterion and the derivation
of the adapted model mean supervector φ

Given: The SI GMM-HMM system Λ, the adaptation data observation sequence {ol}Ll=1

and the matrix of K bases to be interpolated, Φ = [φ1 . . .φK ], where {φi}
K
i=1 is the set of

mean adapted basis supervectors

Step 1: Initialize the weight vector η(1) = [η
(1)
1 . . . η

(1)
K ]T

for j = 1, j ≤ J, do

Step 2: Derive the adapted model mean supervector

φ(j) =

K∑

i=1

η
(j)
i φi

Step 3: Replace the Gaussian mean vectors in Λ with the corresponding values in the
adapted mean supervector φ(j) to derive the adapted model Λ(j)

if j = J then

Break

else

Step 4: Compute the posterior γr(l) of the adaptation data with respect to the rth

Gaussian using adapted model

Step 5: Accumulate the statistics for the weight estimation

W =
R∑

r=1

( L∑

l=1

γr(l)

)
ΦrT (C̄r)−1Φr

Z =

R∑

r=1

ΦrT (C̄r)−1

( L∑

l=1

γr(l) ol

)

where C̄r denotes the covariance matrix corresponding to the rth Gaussian in Λ(j)

Step 6: Re-estimate the interpolation weight vector

η(j+1) = W−1Z

end if
end for
Step 7: Derive the final adapted model mean supervector as

φ =
K∑

i=1

η
(J)
i φi
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then concatenated to provide the supervector-based representation for the speaker s as

φs = [cT1,s c
T
2,s . . . c

T
R,s]

T . (2.15)

The entire set of N reference speakers is represented in form of a matrix as

Φ = [φ1 φ2 . . . φN ]. (2.16)

In testing, the mean supervector of the test speaker/utterance is derived using 2.16 as

φ = Φη. (2.17)

The interpolation weight vector η = [η1 . . . ηS]
T is estimated following a hill climbing procedure

subject to the constraints that ηi ≥ 0 and
∑S

i=1 ηi = 1. The centroid for the test speaker/ut-

terance corresponding to a particular phonetic class, r, can be individually obtained from the

portion of Φ and φ representing that phonetic class as given by

φr = Φrη. (2.18)

2.3.3 Cluster adaptive training

In the speaker clustering technique, the training data is used define a set of speaker cluster

models where each model represents a cluster of speakers being similar in some sense [7]. The

adaptation data is then used to select the best cluster model. The clustered adaptive training

(CAT) [53] is an extension of this technique where instead of choosing only the 1-best cluster

model, a linear combination of all the cluster models is used. Hence, the mean vector of the

rth Gaussian for the test speaker/utterance is a weighted sum of the cluster mean vectors for

the same Gaussian as given by (2.14). These interpolation weights are estimated in ML sense

following Algorithm 1. Furthermore, in the case of CAT, instead of estimating global weights,

a number of Gaussians can be tied into a regression class and one weight parameter is then

estimated for each of the V regression classes. In that case, the adapted model mean parameter

is given as

φr = Φrηv (2.19)

where ηv = [ηv1 . . . η
v
K ]

T is the weight vector for the vth regression class (v = 1, . . . , V ) and

Φr = [φr
1 . . .φ

r
K ] is the matrix of K cluster mean vectors for the rth Gaussian. The bases
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interpolation weight vector ηv is now computed as

ηv = (Wv)−1Zv (2.20)

where the required statistics now given by

Wv =
∑

r∈Rv

( L∑

l=1

γr(l)

)
ΦrT C̄−1

r Φr (2.21)

Zv =
∑

r∈Rv

ΦrT C̄−1
r

( L∑

l=1

γr(l) ol

)
(2.22)

where Rv is the set of Gaussians belonging to the vth regression class. The CAT also provides

means to re-estimate the cluster model parameters using the adaptation data. Consequently,

the weight estimation and the cluster model parameter re-estimation can be interleaved to

perform an adaptive training.

2.3.4 Eigenvoice

In the Eigenvoice (EV) technique [54], the adapted mean parameters are represented as

the weighted sum of canonical speaker model parameters. The difference of this approach from

RSW and CAT is that these canonical models are obtained by the principal component analysis

(PCA) [55] performed on the covariance/correlation matrix constructed from the entire set of N

speaker-specific mean supervectors. The mean supervector φs is obtained by concatenating the

R Gaussian mean vectors of the SA model corresponding to the sth speaker. Unlike RSW, the

SA models are derived from the state-clustered triphone HMMs. After PCA, theK eigenvectors

having the largest eigenvalues are retained and these are referred to as the eigenvoices. The

EVs capture the broad acoustic and linguistic variations present among the speakers in the

training set. Consequently, their linear interpolation spans a low dimensional space which is

supposed to capture all the speaker variability including those which have not been observed

before. If E denotes the matrix of the extracted K-eigenvoices {ei}Ki=1, the Gaussian mean for

a test speaker/utterance is then modeled as a linear interpolation of the K-eigenvoices

φ = e0 +
K∑

i=1

ηi ei (2.23)

where e0 represents the origin of the subspace spanned by the eigenvoices and is generally chosen

the SI mean supervector (φ̄) while {ηi}Ki=1 is the set of basis interpolation weights. Given E
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and the adaptation data, the interpolation weight vector η = [1 η1 . . . ηK ]
T is estimated using

maximum likelihood eigen-decomposition (MLED) [54] which is a slightly varied version of

Algorithm 1 as discussed later in Section 2.3.6.

2.3.5 Variants of Eigenvoice

There are two major drawbacks in the EV adaptation approach, viz., the eigenvoices capture

only the inter-speaker variabilities and the performance saturates even when a large amount of

adaptation data is available. A number of techniques addressing the saturation in recognition

performance have been reported in literature. In all of those approaches, instead of estimating

global interpolation weights as done in the case of EV, one interpolation weight parameter is

estimated either for each segmental eigenvoice [56] or for each of the feature dimensions [57,58].

Consequently, the number of parameters (interpolation weights) to be estimated for adaptation

is large. This, in turn, requires a greater amount of adaptation data for their robust estimation.

All the variants of the EV approach are reported to outperform the conventional EV when

the adaptation data is significantly large. It is worth noting that for very small amount of

adaptation data (adaptation data duration being ≤ 6 secs), the performances for all these

techniques fall even below that for the unadapted SI system. In the following we provide a

brief overview of each of the techniques.

2.3.5.1 Segmental EV

In this approach [56], each of the mean supervector derived from the SA models is first

segmented intoM sub-supervector before PCA is performed. If, for any speaker s, φs represents

the mean supervector of dimension Ds, then the segmented supervector corresponding to that

speaker is represented as φs,m such that

Ds =

M∑

m=1

Ds,m (2.24)

where Ds,m is the dimension for the mth segment. This segmentation may be done at the

Gaussian mixture level or at the model level or even at the speech feature level. PCA is then

performed on each of the segmented supervectors to derive M sub-eigenspaces and their corre-

sponding eigenvoices. Let ρk,m represent themth segmental eigenvoice where k = 1, . . . , K (total

number of eigenvoice retained after PCA). Any new speaker is then represented as a weighted
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linear combination of the segmental eigenvoices corresponding to the sub-eigenspaces given by

ρm =
K∑

i=1

ηmi
ρmi

, m = 1, . . . ,M (2.25)

where ηmi
is the ith interpolation weight for the mth segmental eigenvoice. The MLED is

employed to estimate the corresponding weights in this approach as well. As as result of the

segmentation, the number of weights to be estimated increases by a factor of M , i.e., K ×M

weights are estimated instead of K as done in the EV approach.

2.3.5.2 Kernel EV

The Kernel EV (KEV) [59] technique extends the EV approach by introducing the use

of non-linear kernel PCA instead of the linear PCA. The speaker mean supervector {φs}Ns=1

corresponding to each of the N speakers is first mapped to high dimensional space using a kernel

function ϑ(· , · ). Unlike the EV, the kernel induced mapping to a high dimensional space results

in the loss of state information in the obtained supervector ϑ(φs). Consequently, a maximum

likelihood estimation of interpolation weights cannot be performed. In order to overcome this,

composite kernels are employed. Each of the R Gaussian mean vectors in the speaker-specific

supervector is separately mapped using separate kernel functions as

ϑ(φs) = [ϑ1(φ
1
s), . . . , ϑr(φ

r
s), . . . , ϑR(φ

R
s )]

T (2.26)

where ϑr(φr
s) is the kernel function mapping for the rth Gaussian component in the sth speaker-

specific mean supervector. With these modifications, the maximum likelihood estimation of

interpolation weights becomes possible. Two different kind of composite kernels namely, the

direct sum and the tensor product kernel were explored in that work. The mean supervector for

a test speaker/utterance is derived in a manner analogous to that done in the EV approach. The

performance evaluation performed on the TIDIGITS speech corpus [60] shows that the KEV

approach outperforms the conventional EV technique. The use of kernel mapping increases the

computational complexity and therefore this approach is slower than the standard EV.

2.3.5.3 2-D PCA-based EV

In a manner very similar to the segmental EV approach, 2-dimensional (2-D) PCA has been

implemented for creating the canonical models in the work reported in [57]. In the conventional

PCA-based approach, each speaker is represented as a supervector and covariance/correlation

matrix is constructed out these vectors. In 2-D PCA, on the other hand, each speakers is
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represented as matrix. If there are R Gaussians in the SA model, then the Gaussian mean of

a particular speaker s is represented as a matrix given as follows:

φs = [φ1
s . . . φ

R
s ] (2.27)

where φr
s ∈ R

D×1 is the D-dimensional mean vector corresponding to the rth Gaussian. Conse-

quently, like the segmental EV approach, this technique results in D sub-eigenvoices when PCA

is performed on the sample covariance matrix created from the rows of the speaker matrices.

If K-eigenvoices are extracted for dth dimension in the feature vector {edk}
K
k=1, then K × D

interpolation weights are required to be estimated.

2.3.5.4 PLDA-based EV

In a recent approach for deriving the basis models, the probabilistic linear discriminant

analysis (PLDA) has been used in [58]. PLDA-based EV is very similar to the 2-D PCA-based

approach. Like the latter, each speaker s is represented as a R×D matrix given by (2.28).

φs = [φ1
s . . . φ

R
s ]

T (2.28)

Using PLDA, the dth column of φs is modeled as

φd,s = φmean + Fhd,s +Gwd,s + ǫd,s (2.29)

where φmean is the mean of the training samples O, F and G are the bases of the between-

speaker and within-speaker subspaces, respectively. The co-ordinates of the two spaces are

given by hd,s and wd,s, respectively, while ǫd,s denotes the residual noise. Considering only the

within-speaker variations for modeling an unknown speaker, the bases for interpolation are the

columns of G ∈ R
K×D, selecting the number of factors to be K. The estimated adapted model

mean parameter is then given as

φ̂ = φ̄+Gη (2.30)

where η ∈ R
K×D is the interpolation weight matrix. Therefore, like the 2-D PCA-based

approach, K ×D interpolation weights are required to be estimated.

2.3.6 Comparison of CAT and EV

Though the EV and the CAT approaches are very similar, there are the following differences:

(i) Unlike the EV, the bias vector ζ0 is optional in the case of the CAT.
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(ii) In the case of the EV, normalized observation sequence is used in the computation of

posterior probabilities during weight estimation. Consequently, the first order statics in

the case of the EV
(∑

l γ(l) [ol − ζ0], where ζ0 is generally chosen as the corresponding

SI mean parameter
)
is different from that for the CAT. When a bias vector is used in

the case of the CAT as well, the weight estimation process given in Algorithm 1 becomes

exactly same as that of MLED.

(iii) Depending on the amount of adaptation data available, the number of weight classes V

can be dynamically determined in the case of the CAT as done in the determination of

regression classes in MLLR [49]. Hence, the CAT has provisions for the estimation of

weights for each regression class instead of global weights unlike the EV approach. In

essence, this is similar to the approaches reported in [56–58]. Consequently, employing

regression-class-specific interpolation weights can overcome the saturation issues but at

the cost of increased number of parameters.

(iv) The CAT approach also provides means for the re-estimation of cluster model parameters.

This helps in dealing with the unseen speakers scenario since the original cluster model

parameters are biased towards the seen speakers.

2.3.7 Techniques employing dynamic selection of bases

During the past decade a number of techniques have been reported in literature that intend

to modify the RSW approach in order to obtain improved recognition performances. These

techniques differ from the RSW approach in the following three ways:

i.) The reference speaker models are derived by the adaptation of SI model developed using

state-clustered triphones.

ii.) The bases to be interpolated to derive the adapted model parameters are dynamically

selected for each test speaker/utterance.

iii.) The constraints of non-negativity and summing-to-one imposed on the interpolation weight

estimation are relaxed.

In the following we discuss some of those techniques that are build over the RSW framework.
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2.3.7.1 Support speaker weighting

The support speaker weighting (SSW) [61] technique is an extension of the RSW, in which

the dynamic selection of reference speakers/bases is proposed based on support vector machines

(SVM). A set reference models is first created by deriving a SA model for each of the N training

speakers using MLLR transformation of the SI model. The Gaussian mean parameters from

each of the SA models are concatenated to create N supervectors. The test speaker/utterance is

also represented by a Gaussian mean supervector extracted from the MAP adapted SI model.

A set of dynamic basis is then determined by training a SVM with the supervectors of the

reference speakers and that of the test speaker/utterance constituting the two classes. The

Gaussian mean parameters of the K numbers of SA models (K < N), corresponding to the K

supports for the SVM training, are linearly interpolated to obtain the adapted model parameters

as given by (2.14). The interpolation weights for the selected bases are estimated in ML sense

as per Algorithm 1.

2.3.7.2 Improved reference speaker weighting

Like the SSW, for each of the N speakers in the training data, a SA model is created

using the MLLR transformation of mean parameters of the SI model in the improved reference

speaker weighting (Im-RSW) [62] approach as well. For each test speaker/utterance, a set

of K models are chosen that have the highest likelihood among all the SA models for the

given adaptation data. The interpolation weight vector estimation for the dynamically selected

reference speaker models is done using the iterative approach given in Algorithm 1. The

constraints non-negativity and summing to one are relaxed in this technique as well. The

final adapted mean parameters are given by (2.14).

2.3.7.3 Reference model interpolation

In reference model interpolation (RMI) technique [63], first, the interpolation weights are

estimated for all the SA models using a single iteration of the ML estimation process. The K

number of SA models having the largest magnitude for the interpolation weights are selected

for deriving the adapted model. The interpolation weights for these K models are then re-

estimated using the ML criterion. In RMI technique, it is also proposed that when a large

amount of test data is available, the model parameters for the selected SA models should be

adapted with respect to the test data using MAP/MLLR. This, in turn, leads to improvements

in the recognition performance when the available adaptation data is significantly large. Unlike
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Im-RSW and SSW, a bias vector b is also used while deriving the final adapted Gaussian mean

parameters as given by

φ =

K∑

i=1

ηi φi + b (2.31)

This bias vector b is jointly estimated with the interpolation weights. Like the EV approach,

the bias vector is assigned unity weight and hence acts as the origin of the acoustic space

spanned by the selected SA models.

2.3.7.4 Sparse representation-based basis selection

Adaptation techniques employing sparse representation (SR) [64] have also been reported

recently in literature. A smoothing of ML weights using SR is proposed recently in [65]. In

that work, the training data is split into 34-homogeneous sets and a Gaussian mean supervector

is derived for each set. The interpolation weights are first derived for all the homogeneous

sets using an ML-based estimation procedure. The derived weights are then smoothed by

imposing an ℓ1-regularization criterion using Lasso-based optimization [66]. Consequently, some

of the ML weight parameters shrink to zero resulting in a better modeling of the current test

environment. A drawback of this technique is that the initialization using the ML weights and

then smoothing using the ℓ1-regularization significantly increases the complexity.

In a similar work reported in [67], SR techniques are used for model-interpolation-based

adaptation. Algorithms for SR based on matching pursuit (MP) [68] and ℓ1-regularized SR [66]

are used in that work. Though, employing MP for bases selection is reported to be very fast,

comparatively better performances are obtained by using ℓ1-regularized SR. The projected

gradient algorithm [69] is employed for optimization in the case of ℓ1-regularized SR. The

complexity of gradient descent is much more than that of the MP algorithm. In addition to

that, the projected gradient algorithm requires to be initialized for optimal convergence. The

bases selected using the MP-based approach and the corresponding values of their interpolation

weights are used as the initialization for the optimization algorithm. The weights for those

atoms that are not selected using the MP are initialized to zero. A sequential ML criterion is

used during sparse coding for optimization.

2.4 Mixture-Weight Interpolation Scheme

An adaptation technique based on the Gaussian mixture-weight interpolation for deriving

the adapted model parameters for the test speaker/utterance is proposed in [70]. This technique
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is very similar to the EV approach. First, a small number of latent speaker models (bases) are

obtained from the training set using non-negative matrix factorization (NMF). To do the same,

a non-negative matrix Aw is defined wherein each column is the Gaussian mixture-weight

supervector corresponding to the training speakers. Just like the PCA, this supervector matrix

is then decomposed into two non-negative matrices, Xw and Yw, using NMF. Each column of

Xw is a supervector corresponding to one of the latent/reference speaker. While each column of

Yw gives the linear combination weights that had been used to approximate the corresponding

latent speaker supervector using the columns of Aw. The matrix decomposition is optimized by

minimizing the distance measure between Aw and its approximation Ãw (where Ãw = XwYw).

Different distance measures namely mean square error (MSE) [71, 72] and Kullback-Leibler

(K-L) divergence criterion [73] are employed for error minimization.

Once the latent models are derived, the adapted Gaussian mixture-weights for the test

speaker/utterance are expressed as a linear combination of the supervector of the latent speak-

ers. The interpolation weights for the latent speakers are estimated in the ML sense subject

to the condition that the weights are non-negative and sum-to-one. Given the latent speaker

matrix Xw and the adaptation data, the latent coefficients (interpolation weights) ys for a test

speaker/utterance are estimated iteratively using the E-M algorithm (similar to that given in

Algorithm 1). If there areK latent speakers, then the ith iteration for the kth weight estimation,

{y(i+1)
s (k)}Kk=1, is

y(i+1)
s (k) =

L∑

l=1

R∑

r=1

γr(l)Xr
w(k)∑K

k=1X
r
w(k)y

i
s(k)

yis(k) (2.32)

where γr(l) is the posterior probability of the adaptation data with respect to rth Gaussian

in the current estimate of the adapted model. The Gaussian mixture-weight vector for the

adapted model λ is then given by

λ = Xwys (2.33)

Like other model-interpolation-based approaches, since only a small number of parameters are

estimated, even a small amount of adaptation data is sufficient. A very similar approach for

mixture-weight adaptation is described in [74]. The NMF-based Gaussian mixture-weight in-

terpolation is extended in [75] to support adaptive training using the feature-space MLLR (fM-

LLR) and the vocal tract length normalization (VTLN). Another extension of the NMF-based

Gaussian mixture-weight interpolation is proposed in [76] where the EV based mean adapta-

tion is combined with the mixture-weight adaptation. Additional improvements in recognition

performance are reported when the two techniques combined together.
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2.5 Acoustic Feature Normalization Techniques

Despite the presence of a number of intra- and inter-speaker differences in the speech units,

human beings are able to recognize speech from a large set of speakers having a wide variety

of accents and physiological characteristics [45]. Consequently, on can assume that the human

brain is capable of performing some kind of normalization that filters out the individual differ-

ences. An effort to replicate this attribute of the human brain is the basic premise on which

the speaker normalization techniques are based. The main objective of these techniques is to

define a normalized speaker space. The speech units from different speakers are mapped onto

the normalized space in order to average out the inter-speaker variations as much as possible.

The GMM-HMM models trained on the normalized acoustic features tend to have lesser mis-

match if the test data is also normalized using the same approach. Hence, the normalization

techniques are generally applied to both the training and the test data [77]. In the following

we discuss some of the prominent feature-space normalization techniques.

2.5.1 Cepstral mean and variance normalization

Cepstral mean normalization (CMN) [78] and cepstral variance normalization (CVN) are

very common and simple techniques to normalize the acoustic features derived from the raw

speech. These transforms tend to sphere the data, i.e., each of the dimensions in the transformed

feature has zero mean and unit variance. Given a set of D-dimensional cepstral features O

such that its a series of L observation vectors O = {o1, o2, . . . , ol, . . . , oL}, the estimate for

the dth dimension of the lth frame in the mean normalized feature is given as per the following

relation [77]

ôl(d) = ol(d)− µ(d) (2.34)

where µ(d) is the dth dimension in the mean of the observation vectors given by

µ(d) =
1

L

l∑

l=1

ol(d).

Similarly, variance normalized feature is computed using the following equation

ôCVN
l (d) =

ol(d)− µ(d)√
σ(d, d)

(2.35)

where

σ(d, d) =
1

L

L∑

l=1

(ôl(d))
2 .
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Figure 2.3: A block diagram illustrating the computation of VTLN-warped MFCC features through
the compression/dilation of the triangular Mel-filterbank.

The advantage of this technique is that the normalization transform is estimated directly from

the features with no transcription or model parameters being involved. Hence, this approach is

computationally very simple. The main shortcoming of this technique is in the transform being

global and therefore the ability to compensate for the acoustic mismatch is very limited [77].

Longer segments yield better estimates but result in more delay. Variable length silence in the

speech utterance and very short utterances lead to degradation in performance. This technique

also becomes infeasible for real-time applications since the entire segment must be procured

before the normalization is performed.

2.5.2 Vocal tract length normalization

A major non-speech aspect affecting the performance of an ASR system is the variability

in human voice among different speakers due to differences in their respective vocal tract

lengths. The vocal tract lengths of male and female speakers are quite different (can vary from

approximately 13 cm for females to over 18 cm for male speakers). As the vocal resonances are

inversely proportional to the vocal tract length, the formant centre frequencies can vary by as

much as 25% among speakers [26]. This leads to significant variation in the format structure

for the same sound units across the speakers. Vocal tract length normalization (VTLN) [26] is

used to reduce this mismatch among the speakers.

The basic idea behind VTLN is to define a warping factor α that compresses or expands

the frequency domain during the feature extraction in order to map the actual speech signal to

a normalized speech having lesser variability due to vocal tract length differences. To compress

the speech signal in the frequency domain, the frequency scale of the speech signal is kept same
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but the frequency scale of the Mel-filterbanks is stretched. Similarly, the filterbank frequencies

are compressed to effectively stretch the signal in frequency domain [26]. VTLN requires the

estimation of distinct warping factor for each speaker in the training as well as test data. A

grid search is often used to obtain the optimal warping factor [79,80]. To do so, a set of discrete

values of αi are used as potential candidates. The value of αi that maximizes the likelihood of

the data is considered to be optimal, α̂ [26]. Let, Os = {os1, os2, . . . , osl, . . . , osL} represent L

frames of the observation sequence from a particular speaker s and let Λ denote the SI model.

The optimal warping factor is then obtained as

α̂s = argmax
αi

P
(
Oαi

s |Λ
)

(2.36)

where Oαi
s are the different frequency warped versions of the given observation sequence. Once

the optimal warping factors are obtained for each speaker in the training set, the warped

utterances are then used to develop a normalized GMM-HMM system ΛN . During decoding,

the test observation sequence is warped to match the normalized model ΛN . Since, only the

test utterance is available with no transcription, a three step process is used to estimate the

corresponding optimal warping factor [26].

(i) ΛN is used to decode the unwarped test sequence Ot to obtain the first-pass transcription.

(ii) The first-pass transcription is used to align each of the warped versions of the test data

Oαi

t against the model ΛN and the optimal warp factor α̂ is determined.

(iii) The test utterance is optimally warped using α̂ and then decoded using ΛN .

The outlined procedure happens to be computationally intensive. Hence, an alternate proce-

dure to optimize the value of the warp factor is also proposed in [26]. For each αi, the unwarped

utterances that produce the highest likelihood for that value of warp factor are used to train

GMMs to represent the feature-space distribution for that warp factor. During recognition, the

likelihood of the test utterance is evaluated against each of the distribution and the warping

factor corresponding to the distribution yielding highest likelihood is chosen as the optimal

one. Though this approach is less complex, it suffers from the fact that it does not exploit the

temporal information present in the speech signal which is modeled using HMMs.

2.5.3 Gaussianisation

Channel distortions tend to modify the speech feature distributions, e.g., the linear channel

effects will shift the mean of the MFCC while the additive noise will tend to modify the variance.
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Gaussianisation transforms the raw distorted features non-linearly so that the cumulative den-

sity function (CDF) of those features matches a predefined function, i.e., the standard normal

distribution N (0, I). This makes the features more robust to channel and noise effects [81–83].

The CDF of the feature vector can be either parametric where histograms with discrete bins are

applied or non-parametric having a CDF derived from Gaussians. Since the CDFs are defined

for one-dimensional data only, the Gaussianisation must be performed separately for each of

the dimensions [81].

2.6 Summary

In this chapter, we have presented a discussion on some of the dominant model-space adap-

tation and feature-space normalization techniques. The main focus of this chapter was on

the review of the recently proposed acoustic model-interpolation-based fast adaptation tech-

niques in the context of GMM-HMM-based ASR systems. We will be revisiting some of these

techniques throughout the thesis. Furthermore, some of the discussed techniques will be com-

bined with the approaches proposed in this work for enhancing the recognition performances.

In addition to that, the feature-space normalization techniques, especially the VTLN, will be

incorporated with all the approaches proposed in this thesis.
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3. Assessing Fast Adaptation Approaches for Mismatched ASR

The work presented in this thesis is intended towards those applications that involve human-

machine interactions as already mentioned. In the case of the interactive ASR tasks, adaptation

needs to be performed either in the utterance-specific or in the incremental mode. Moreover,

since no transcription of the adaptation data is available, the first-pass hypothesis of the adap-

tation data generated using the SI system should be used. But that being erroneous dilutes

the effectiveness of the adaptation approaches significantly. In addition to that, the complexity

of the employed adaptation technique is also a major issue in order to keep the overall latency

low. The fast adaptation approaches discussed in Chapter 2 happen to be suitable for such

tasks due to the low complexity involved in such techniques. Consequently, we have explored

the effectiveness of the fast adaptation approaches in the context of interactive ASR tasks.

Apart from exploring some of the existing fast approaches, adaptation techniques that are

found to have low computational cost are also presented. The main contributions of this

chapter are two-fold: a reduced complexity dictionary-based basis search approach is presented

and a novel basis selection criterion based on the minimization of the representation error is

proposed. This is achieved by employing the greedy sparse representation techniques for the

basis selection. A drawback of this is that SR is used only for the basis selection while the basis

coefficients in sparse coding are discarded. Like the other model-interpolation-based techniques,

the interpolation weights are estimated iteratively in the ML sense. The latency in the basis

selection process is reduced due to the greedy SR-based approaches but the complexity of the

weight estimation remains the same. Consequently, we have also presented a novel use of sparse

coding to derive the adapted model mean parameters.

This chapter is organized as follows: In Section 3.1, the low complexity dictionary-based

basis search approach is introduced. In Section 3.2, the improved basis selection scheme em-

ploying joint representation is discussed. The experimental setup used for the evaluation of

the explored fast adaptation techniques is given in Section 3.3 while the evaluation results

are presented in Section 3.3.4. In Section 3.4, we describe the proposed scheme that employs

sparse coding to derive the adapted Gaussian mean parameters. We have also discussed our

attempts to increase the degrees of freedom in this section. The evaluation of the proposed

SR-based adaptation schemes are discussed in Section 3.4.4. Finally the chapter is summarized

in Section 3.5.
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3.1 Low Complexity Bases Search

As discussed earlier, the dynamic selection of basis is found to be more effective in the

case of the model-interpolation-based fast adaptation techniques. One of the most common

technique used for basis selection is the ML search involving the Viterbi-based alignment [62].

But this approach becomes cumbersome when the set of speakers from which the bases are to

be selected is large. Motivated by this, in the following, we present a dictionary-based approach

to reduce the computational cost involved in the basis search.

In the ML basis search, the test data is aligned against each of the SA models under the

constraint of the first-pass hypothesis generated using the SI model. Under IID assumption,

the log-likelihood of an observation sequence O = (o1, . . . , ol, . . .oL), with respect to the sth

speaker model, Λs, given the state sequence q = (q1, . . . , ql, . . . , qL), is

log
(
P
(
O,q|Λs

))
=

L∑

l=1

log(aql,ql+1
) +

L∑

l=1

log
(
bql(ol)

)
(3.1)

where,

bql(ol) =

R∑

r=1

[
wr,s

ql√
(2π)n | C̄r

ql
|
exp

{
−
1

2
(ol − φr,s

ql
)T (C̄r

ql
)−1(ol − φr,s

ql
)

}]

(3.2)

with aql,ql+1
, wr

ql
and C̄r

ql
denoting the transition probability from state ql to ql+1, the Gaussian

mixture-weights and the covariance matrix for rth mixture component of state ql in the SI

model, respectively. The mean parameter for the rth Gaussain in the sth speaker model is

denoted by φr,s
ql
.

From (3.1), note that in the computation of the likelihood with respect to the different

SA models, the only term that varies is φr,s
ql
. Exploiting this fact, we devised a dictionary-

based scheme for the selection of the bases. First, the SA models are derived for each of the

training speakers using mean-only MAP adaptation of the SI model. From each of these SA

models, a corresponding supervector representation (referred to as the atom) is derived by the

concatenation of the mean parameters of all the Gaussian components in the corresponding

SA model. All the atoms are collected in the form of an matrix referred to as the exemplar

dictionary which is used for the basis selection. Similarly, a target is derived for each of the test

utterances/speakers by performing mean only MAP adaptation under the constraints of the

first-pass hypotheses. If φs and x represent the atom and the target, respectively, the similarity

between them can be computed by finding the correlation as xTφs

‖x‖‖φs‖
.
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Figure 3.1: Illustrations of proposed conditionings for achieving the correct similarity score between
a target and the dictionary atoms for basis selection.

In the above discussed approach, the selection of bases over N speaker adapted models

requires only one alignment with respect to the SI model for deriving x. On the other hand, the

ML search requires N Viterbi alignments with respect to each of the SA models. Hence, in the

proposed approach, there is a saving of (N−1) Viterbi alignments per utterance. Furthermore,

in the proposed technique, in contrast to the ML search, the mixture-weights are neglected and

the posterior-weighted observations are used in the place of the original observations. Despite

these differences, the two approaches result in similar adaptation performances as discussed

later in Section 3.4.4.

3.1.1 Issues in creation of dictionary and target signal

In the context of the low-data adaptation task explored in this work, just finding the corre-

lation does not yield a correct measure of the acoustic similarity. This point is explained with

the help of the illustrations shown in Figure 3.1.

Case I: The default case of finding the similarity between an atom in the dictionary and

a target is illustrated. In this case, all the dimensions of the two supervectors contribute to

the similarity score. On account of data being limited, only a small number of the dimen-

sions in the target get adapted (about 5-10% of the Gaussians get adapted for the WJSCAM0

database [84]). Hence the contribution to the similarity score happens to be dominated by the

unadapted dimensions. This case simply results in a poor selection of the bases.
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Table 3.1: Recognition performances for the different approaches for supervised/unsupervised adap-
tation in the utterance-specific adaptation mode. The given WERs for the adults’ matched case ASR.

Utterance specific adaptation WER (%)

Baseline (unadapted SI) 11.30

Most likelihood SA model 11.50

RSW

Unsupervised bases search & unsupervised weight estimation 10.57

Supervised bases search & unsupervised weight estimation 10.27

Supervised bases search & supervised weight estimation 10.09

Supervised global MLLR 9.66

Case II: It illustrates the proposed conditioning of the target to address the above men-

tioned shortcoming. In this case, the unadapted dimensions in the target are set to zero. In

this way only the adapted Gaussains in the target contribute to the similarity score. This is

similar to the case of the Viterbi-alignment-based ML search. In that case too, only the seen

Gaussians in the adaptation data contribute to the likelihood score.

Case III: It illustrates another possibility of conditioning the target and the atoms. In this

case, those unadapted dimensions that are set to zero in the target are also set to zero for each

of the atoms. In this case too, the similarity score will be contributed by the adapted Gaussians

as in Case II.

3.2 Basis Selection using Joint Representation

3.2.1 Motivation

In typical training corpus used for developing ASR systems, the data for each of the speakers

does not cover all the phonetic contexts. For WSJCAM0 corpus used in this work, only 65-

85% triphones get adapted while creating the SA models. Since each of the SA models have an

insufficient coverage for all phonetic contexts, the simple most-likely SA model based adaptation

is not very effective. A linear interpolation of acoustic models for adaptation (e.g., improved

reference speaker weighting referred to as the RSW [62] henceforth) appears to address this

shortcoming. The same can be inferred from the results given in Table 3.1. Furthermore,

the use of the first-pass hypothesis for basis selection also affects the adaptation performance
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due to the errors present in it. To assess the same, we have explored the basis selection

using the true transcription while still estimating the interpolation weights in an unsupervised

manner for the utterance-specific mode of adaptation. From Table 3.1, on comparing the

recognition performances for the basis selection with and without the true transcription, the

impact of errors can be assessed. Further, to assess the affect of errors on the interpolation

weight estimation, the basis selection as well as the interpolation weights estimation is done in

supervised manner. The adaptation performance for this study is also shown in Table 3.1. To

benchmark these performances and to highlight the sub-optimality of the model-interpolation-

based adaptation approach, the performance for the true-transcription-based global MLLR is

also given in Table 3.1.

In the case of ML- or the correlation-based search, each basis is selected independently with

respect to the seen phonetic contexts in the adaptation data. The unseen phonetic contexts in

the selected bases, on the other hand, are not taken into account. The interpolation weights

are also estimated using the seen contexts only. Hence, the bases are generally assigned weights

proportional to their likelihood with respect to the adaptation data. On interpolating such

bases, there will be varying degree of boosting of the contexts in the synthesized model as

illustrated in Figure 3.2. In other words, the modelling of the phonetic space of the synthesized

model would turn out to be unbalanced. To address this, we hypothesize that the bases should

be selected in an orthogonal fashion by jointly minimizing the representation error of the target

as discussed in the following subsections. Before outlining the proposed adaptation technique,

we first present a brief overview of the sparse representation algorithms used in this work for

joint representation.

3.2.2 Review of the sparse representation approaches

Sparse representation is a technique to solve ill-posed system of linear equations. The SR

problem can be mathematically stated as: given a target vector x ∈ R
M (referred to as the

signal) and an exemplar dictionary Φ = [φ1 . . .φN ] ∈ R
M×N (the columns are referred to as

the atoms), find a vector υ ∈ R
N such that

min ‖υ‖0 subject to ‖Φυ − x‖2 < ǫ (3.3)

where ǫ ∈ R and ǫ > 0. Due to the ℓ0-norm minimization, the coefficient vector υ turns out

to be sparse. Thus only some atoms out of N are involved in representing a target. There

are a number of techniques proposed in literature to solve the SR problem. These techniques
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Figure 3.2: A schematic description for the interpolation of bases selected using the ML or the
correlation search. The overlap region corresponds to those Gaussians in the test data that contribute
to the likelihood/correlation score. In practical cases, some of the Gaussians in the atoms remain
unadapted. Consequently, in the synthesized model, varying boosting of the phonetic contexts takes
place depending on their relative states in the selected atoms and the interpolation weights. These
weights are global in nature and estimated with respect to the seen Gaussians only. Hence those
weights are not able to compensate for the different states of adaptation for all the phonetic contexts
in the selected atoms.

can be classified into the family of greedy algorithms and relaxation algorithms. The greedy

algorithms attempt to construct the support one atom at a time. On the other hand, the

relaxation techniques smooth the ℓ0-norm and solve the problem using the classical methods

from continuous optimization. In the following subsections, we provide an overview of both the

kinds of SR techniques.

3.2.2.1 Matching and orthogonal matching pursuits

The matching pursuit (MP) [68] and the orthogonal matching pursuit (OMP) [85] are greedy

techniques intending to construct a sparse representation through an iterative process. A locally

optimum solution is obtained at each iteration with an intention to obtain the global optimum

at the end of the iterations. The MP/OMP takes only as many iterations as the desired sparsity

to approximate the solution and are consequently very fast. In the case of MP, an atom may

be selected more than once making the matrix of selected atoms non-invertible. The OMP

algorithm addresses the issues in the MP and is outlined in the following.
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Let Φ be the dictionary with N atoms and x be the signal to be approximated. To begin

with, a residual vector y is initialized to be equal to the signal, i.e., y0 = x. This is followed

by finding the atom of Φ that is most correlated to the residual vector as

ω1 = argmax
i

|< y0,φi >|, i = 1, . . . , N. (3.4)

In (3.4), the index of the most correlated atom is given by ω1. Solving a least square-problem

the vector υ1 is derived as given

argmin
υ1

‖x− Ã1υ1‖2 (3.5)

where Ã1 is the matrix of selected bases such that

Ã1 = [φω1
].

The residual vector is then updated as follows:

y2 = x− Ã1υ1. (3.6)

This process is iterated a number of times until the representation error becomes less than ǫ

or the desired sparsity value has been achieved. For any particular iteration k, following steps

are involved:

(i) Determine the most correlated atom with respect to the current residual

ωk = argmax
i

|< yk−1,φi >|, i = 1, . . . , N

(ii) The selected atom is added to the support

Ãk = Ãk−1 ∪ φωk
where Ãk−1 = [φω1

. . . φωk−1
]

(iii) Find υk

argmin
υk

‖x− Ãkυk‖2

(iv) Determine the updated residual vector

yk = x− Ãkυk
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(v) Stop if

‖yk‖2 < ǫ

or if the desired sparsity (K) is attained

After each iteration, the atom that best describes the residual is added to the support along

with the basis coefficient in sparse coding that contributes the most in reducing the residual.

In order to make sure that a column of Φ is selected only once, unlike the MP, the basis

coefficients in sparse coding are re-computed for the entire set of support each time an atom is

added. Consequently, the currently added atom is orthogonal to the set of previously selected

atoms and hence the term ‘orthogonal’ appears in the name of algorithm.

3.2.2.2 Least absolute shrinkage and selection operator

In the least absolute shrinkage and selection operator (Lasso), instead of minimizing the

ℓ0-norm, the solution is optimized by minimizing the representation error under the constraint

of given sparsity. At the same time, the ℓ0-norm is replaced by the ℓ1-norm making the problem

easier to work with. In the case of the Lasso, the problem is formulated as

‖Φυ − x‖2 < ǫ subject to ‖υ‖1 < K

where K is the desired sparsity. The Lasso can hence be viewed as an optimization problem and

there are a number of convex optimization techniques available to solve such problems involving

ℓ1-norm. Therefore, it can be either solved as a linear programming problem when ǫ = 0 or a

quadratic programming when ǫ 6= 0. The simplex and the interior-point [86] methods are some

of the approaches that are reported for such optimization problems. Least angle regression

(LARS) [87] is a greedy approach to the Lasso and has comparatively much lesser complexity

than the two former techniques.

3.2.3 Proposed SR-based basis selection approach

The joint representation-based basis selection problem can be interpreted as finding a sparse

representation for a given target over an exemplar dictionary. As already mentioned, there are a

number of techniques proposed in literature to solve this problem. In this work, OMP and LARS

algorithms are used for SR due to their lower complexity [64]. The proposed fast adaptation

approach using OMP-based SR is outlined in Algorithm 2. We have chosen OMP because of

its least complexity among all the other SR techniques.
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Table 3.2: Specifications of the speech corpora used for the experimental evaluation presented in
this work.

Corpus WSJCAM0 PF-STAR

Language British English British English

Data set CAMtr CAMts PFtr PFts

Purpose Training Testing Training Testing

No. of speakers 92 20 122 60

Speaker kind
Adults Adults Children Children

(male/female) (male/female) (male/female) (male/female)

Age group > 18 years > 18 years 4-15 years 4-15 years

No. of words 132,778 5,608 46,974 5,067

Duration (hrs.) 15.5 0.6 8.3 1.1

Recording Quite room, close talking Closed room, head

conditions and desk microphones mounted microphones

Unlike the ML search, in the proposed approach each basis is selected with respect to a

residual instead of the target itself (see Step 6). This residual is updated as the error between

the target and its current estimate using the selected bases (see Step 9). After the selection

of the first basis, on the computation of the residual, the dimensions that were set to zero

in the target also become active. These are now initialized with the values derived from the

most correlated selected atom. Thus, in successive selections, even the unadapted dimensions

in the target start contributing in the basis selection. Moreover, each new selected basis adds

to the spanned phonetic space in an orthogonal manner. Consequently, the adapted model

synthesized by the selected bases ensures a balanced coverage of all phonetic contexts. This is

expected to remove the errors in the first-pass hypothesis in a consistent manner.

3.3 Experimental Evaluation

In the following subsections, the details of the setup used in the experimental evaluations

performed in this thesis are discussed.
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Algorithm 2 Proposed joint-representation-based basis selection for fast adaptation

Given: The exemplar dictionary Φ obtained by collecting the speaker-specific mean-
supervectors as the columns of the matrix, Φ = [φ1 . . . ,φj , . . . ,φN ], the number of bases to
be selected K, the SI model parameters Λ

Step 1: Obtain the first-pass hypothesis for test data by decoding with Λ

Step 2: MAP adapt the SI mean vectors using the given test data using the first-pass
hypothesis with relevance factor (τ) set to zero

Step 3: To form the target x, extract the mean-supervector and substitute zeros for all
unadapted dimensions

Step 4: Initialize the residual y0 = x and the matrix of the selected bases Ã0 = φ

for k = 1, k ≤ K, do
Step 5: Find the index of the most correlated atom

ωk = argmax
i

|< yk−1,φj >|, i = 1, . . . , N

Step 6: Update the matrix of the selected bases

Ãk = Ãk−1 ∪ φωk
where Ãk−1 = [φω1

. . . φωk−1
]

Step 7: Minimize the representation error for x by solving the least-square problem

argmin
υk

‖x− Ãkυk‖2

where υk is the vector of basis coefficients in sparse coding after kth iteration

Step 8: Update the residual

yk = x− Ãkυk

end for

Step 9: For model interpolation, choose the columns from the exemplar dictionary Φ cor-
responding to the indices of the selected bases in ÃK

Step 10: Estimate the interpolation weights η = [η1 . . . ηK ]
T in the ML sense following the

iterative procedure given in Algorithm 1

Step 11: The estimate of the mean supervector for the adapted model is given as

φ̂ = [φω1
. . . φωK

]η

Step 12: The adapted GMM-HMM model is obtained by replacing the mean vectors in Λ
by their corresponding values in φ̂
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Figure 3.3: A bar graph depicting the number of utterances in PFts belong to a particular age group.

3.3.1 Speech corpus

For the continuous speech recognition task, an ASR system is developed using the WSJ-

CAM0 Cambridge Read News speech corpus [84]. This database contains speech data from 92

adult male/female speakers for training. The training set (CAMtr) consists of 7861 utterances

with approximately 90 sentences per speaker. The total duration of training data is 15.5 hours.

In order to evaluate the matched case recognition performance of the developed ASR system,

the CAMts test set was used. This test set consists 0.6 hours of data from 20 adult speakers

constituting a total of 5608 words. All speech data is re-sampled to 8 kHz rate 1. More details

about the WSJCAM0 speech corpus are summarized in Table 3.2. For evaluating the effective-

ness of the basis search schemes in those cases where there happens to be a greater acoustic

mismatch, decoding of children’s speech data is performed. The PF-STAR speech corpus [88]

is used for testing the effectiveness of the explored approaches for the recognition of children’s

speech on adults’ speech (CAMtr) trained acoustic models. The test set of PF-STAR (PFts)

contains 1.1 hours (129 utterances) of speech data from 60 children. The total of words in this

test set is 5067. More details about this speech corpus are also given in Table 3.2. The age-wise

split of the number test utterances in PFts is shown in Figure 3.3.

1In the end of this thesis, we repeat some of the experiments on speech data sampled at 16 kHz rate to
re-validate the salient inferences.
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3.3.2 ASR system specifications

The recognition performances are evaluated on the ASR system developed using the HTK

toolkit [9]. A Hamming window of length 25 ms keeping a frame rate of 100 Hz is used for

short-time analysis of the speech data. A pre-emphasis factor of 0.97 is used. Employing a

21-channel Mel-filterbank, first 12-dimensional base MFCC features are computed (C1-C12)
2.

The log power is added as the zeroth coefficient making the base feature dimension equal to 13

(C0-C12). These base features are then augmented with their first- and second-order temporal

derivatives (computed over a span of 5 frames) to yield the 39-dimensional features used in

the acoustic modelling. The cepstral mean and variance normalization are also applied to all

features. Throughout this chapter, the so computed 39 dimensional features are referred to as

the default features.

The baseline SI system is developed using cross-word triphone acoustic model training along

with decision-tree-based state tying. The GMM-HMM-based approach is employed for statis-

tical modelling. Each triphone model consists of a 3-states HMM with 8 diagonal covariance

Gaussian components per state. A 3-state HMM with 16 diagonal covariance Gaussian com-

ponents per state is used for modelling the silence and the short-pause. In the matched case,

the developed ASR system performance is evaluated using the CAMts test set. The standard

WSJ0 5, 000 words closed non-verbalized vocabulary set and the MIT-Lincoln 5k Wall Street

Journal bigram language model (LM) are employed in the decoding of the CAMts test. The

used LM has a perplexity of 95.3 for the CAMts set with no out-of-vocabulary (OOV) words.

The word error rate (WER) is used as a measure of the recognition performances of the

different techniques explored in this thesis. The WER is computed as follows:

%WER =
SUB + DEL + INS

Total number of words in the reference
× 100 (3.7)

where, SUB, DEL and INS represent the number of substitutions, deletions and insertions made

in the hypothesized text transcript with respect to the true transcription, respectively. The

recognition performance of the developed baseline ASR system (unadapted SI system) turns

out to be the same as that reported in [84].

3.3.3 Adaptation experiments

For the model-space-based fast adaptation approaches explored in this work, experiments

are performed under the constraints of the first-pass hypothesis in the following two modes:

2Refer to Appendix A for a brief overview.
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• Each of the test utterances is treated independently, i.e., the statistics required for

adapted parameter estimation are computed for each test utterance separately (utterance-

specific).

• For every speaker, the adaptation data is made available to the system in an incremental

manner. In other words, when the nth test utterance is made available, the statistics of

all previous (n−1) utterances are accumulated with the current statistics (incremental).

For the SR-based basis selection techniques, OMP is implemented using the OMP-Box v- 10 [89]

while the SpasSM toolbox [90] is used for the Lasso implementation employing the modified

LARS [87, 91]. For all the experiments, the number of acoustic models interpolated is varied

from 4 to 18 and the WERs for the same are presented. As the number of bases increases, the

computational cost of interpolation weight estimation increases, and hence only up to 18 bases

are explored.

3.3.4 Results and discussion

The SA models employed in the model-interpolation-based fast adaptation may be derived

using either the MAP or the MLLR transformation of the SI mean vectors. In our experiment,

it was noted that the WERs for the cases when the MAP or the MLLR is employed for creating

the SA model turned out to be quite similar. Hence, the MAP is employed for deriving the

SA models in all the experimental evaluations reported in this thesis. The number of bases

interpolated to derive the adapted Gaussian vectors is varied from 4 to 18 as mentioned earlier.

In Figure 3.4, the recognition performances are shown for the different basis selection

schemes discussed in this chapter. Note that the low complexity correlation-based bases search

results in a performance quite similar to that of the conventional ML search. The performances

of the proposed joint-representation-based basis selection criterion are also given in Figure 3.4.

Between the two conditioning considered, Case II resulted in better performance due to the

somewhat balanced coverage of spanned phonetic space. On the other hand, for Case III con-

ditioning, the same could not be achieved. This is so because the dimensions over which the

correlation is computed is always restricted to those of the target. Furthermore, the best case

performance of the proposed technique turns out to be 10.16% which is very close to that for

the oracle experiment (10.09%) given in Table 3.1. The WERs to compare the OMP- and

the LARS-based basis search in the two modes of adaptation are shown in Figure 3.5. Sim-
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Figure 3.4: The utterance-specific WERs for basis selection using the ML search, the low complexity
correlation search and the proposed joint representation for the two cases of conditioning.

ilar trends are noted for both the modes of adaptation. Moreover, there is a saturation in

recognition performance with the increase adaptation data. This is attributed to the stringent

constraints imposed on the degrees of freedom in the formulation of the model-interpolation-

based approaches itself [54].

3.3.5 Experiments on highly mismatched (children) test set

As mentioned earlier, the mismatched testing is performed using the PFts test set from

the PF-STAR speech corpus. There are significant differences in the word-list and the word

frequencies across the adults’ and the children’s datasets. As a result, for achieving a meaningful

recognition performance for the children’s test set, a 1.5k bigram LM is employed. This domain-

specific LM is trained on the transcripts of speech data in PF-STAR excluding PFts i.e., on

the training transcripts only. In mismatched decoding, a lexicon of 1, 969 words including

pronunciation variations is used. The employed domain-specific LM has OOV rate of 1.02%

and perplexity of 95.8 for the PFts set. This helps in overcoming the significant linguistic

mismatches between the train and the test sets. The effect of using out-of-domain LM can be

understood from the WERs given in Table 3.3

For the adaptation experiments, the number of bases interpolated is varied as mentioned

earlier. Table 3.4 enlists the best case recognition performances for the various basis search

49TH-1509_10610209



3. Assessing Fast Adaptation Approaches for Mismatched ASR

4 6 8 10 12 14 16 18
10

10.25

10.5

10.75

11

11.25

11.5

11.75

12

Number of bases interpolated

W
E

R
 (

in
 %

)

(a)

 

 

4 6 8 10 12 14 16 18
10.25

10.5

10.75

11

11.25

11.5

11.75

Number of bases interpolated

W
E

R
 (

in
 %

)

(b)

 

 

ML
OMP
LARS
Baseline

ML
OMP
LARS
Baseline

Figure 3.5: The recognition performances for basis selection using ML and the greedy SR techniques
(OMP and LARS). The WERs are plotted in (a) utterance-specific and (b) incremental modes.

Table 3.3: Performances for the adults’ speech trained SI system for the two test sets with and
without using domain-specific LM. Also given are the out-of-vocabulary word rates and perplexities
of the two LMs with respect to the two test sets.

LM CAMts PFts

domain Perpelxity OOV WER Perpelxity OOV WER

Adult 95.3 0.00 11.30 86.4 19.53 110.97

Children 23.20 40.71 91.82 95.8 1.20 64.24

approaches using two different test sets. In this table, Corr-I corresponds to the case when

unadapted dimensions are not replaced by zeros while the modified target case is denoted

by Corr-II. It is evident that, with the suggested modifications, the correlation-based search

leads to performances similar to that of the ML basis search. The recognition performances

for the SR-based basis selection approaches are also given in Table 3.4. This scheme is found

to outperform the ML search when evaluated on the two different test sets. The differences

are more pronounced in the case of PFts due to increased acoustic mismatch. Though both

the OMP and the LARS result in similar recognition performances, the latter has a greater

computational cost. Therefore, the OMP has been employed for the SR in the remaining of

this work.
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Table 3.4: WERs for the ML-, the correlation- and the SR-based basis search approaches. The
performances are evaluated using two different test sets, namely CAMts and PFts. The recognition
performances are shown for the incremental (Incr.) and the utterance-specific (Utt.) modes of fast
adaptation. The number of bases interpolated is varied and the WERs for 18 bases case are tabulated.

Basis WER (in %)

Search CAMts PFts

Technique Incr. Utt. Incr. Utt.

ML 10.50 10.57 50.26 49.93

Cor- I 10.88 10.90 53.15 53.86

Corr-II 10.49 10.54 49.98 50.18

SR (OMP) 10.28 10.16 47.29 47.82

SR (LARS) 10.39 10.32 46.93 48.00

Unadapted SI 11.30 64.24

3.4 SR-based Acoustic Model Adaptation

In the approach outlined in Section 3.2, the model interpolation is done using weights derived

by an iterative ML estimation procedure. The work reported in [53] employed 4 iterations during

weight estimation. But in our experiments, it is noted that 6 to 7 iterations are required to

ensure the convergence. This accounts for the major portion of computational cost in the model-

interpolation-based adaptation process. For reducing this computational cost, we explored the

possibility of using the sparse coded target as the Gaussian mean parameter in the adapted

model. Given the estimate of the sparse coefficient vector υ̂ in the SR-based basis search, a

sparse coded target vector can be determined as

x̃ = Φυ̂. (3.8)

As the sparse coding process is fast, this approach is expected to result in substantial reduc-

tion in the cost of weight estimation when the number of bases to be interpolated is large.

Unfortunately, our initial attempts did not succeed.

On analyzing, it was noted that the dictionary atoms and the target are required to be

normalized to unit-norm in the sparse coding while no such constraint is imposed in the ML

estimation of basis interpolation weights. Consequently, the coefficients for the bases in SR turn

out to have different dynamic ranges than those of the corresponding ML weights. Therefore,
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Figure 3.6: Studying the relation between the basis coefficients in sparse coding and the correspond-
ing ML weights for all the utterances in CAMts and PFts test sets. Shown are the histograms of
correlation coefficients between the two sets of vectors for (a) the magnitude only case, (b) the sign
only case, and (c) the histogram of basis-wise ratio of ML weight to the corresponding basis coefficient
for both test sets.

the sparse coded target cannot be used as the Gaussian mean parameter in the adapted acoustic

model. This is so because its dynamic range differs from those of the Gaussian mean and the

covariance parameters learned during the SI model training. Moreover, the sparse coding does

not guarantee that the derived model means will enhance the likelihood of the adaptation

data over the unadapted SI system. Enhanced likelihood, in turn, is expected to improve the

recognition performance.

In order to address this mismatch in the dynamic ranges, we compared the basis coefficients

in the SR and the estimated ML interpolation weights for the adaptation experiments performed

with respect to the SI system. To do the same, the correlation between the two when 18 bases

are interpolated to derive the adapted model, are studied. The correlation coefficients are

computed for the magnitude as well as the sign of the basis coefficients in the SR and the

corresponding ML basis weights, and their histograms are shown in Figures 3.6(a) and 3.6(b),

respectively. It is evident that there exists a strong correlation between the two. In other
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words, for almost all the test utterances, when the basis coefficients in the sparse coding are

positive, the corresponding ML weights are also positive and vice-versa. Furthermore, if the

bases are arranged in the order of the magnitude of the sparse coefficients and the ML weights,

almost same ordering is observed in both the cases. Figure 3.6(c) shows the histogram of the

basis-wise ratio of the ML weight to the corresponding basis coefficient for both the test sets.

Interestingly, these distributions have turned out to be predominantly unimodal with a small

spread. These observations motivated us to explore a single-point scaling of the sparse coded

target such that its likelihood with respect to the SI model gets enhanced. In the following we

present the approach for estimating a global scaling parameter using the ML criterion.

3.4.1 Estimation of maximum-likelihood scaling factor

Given the sparse coded target x̃, the adapted Gaussian mean supervector φ is modeled as

φ = ηx̃ (3.9)

where η is the global scaling factor to be estimated in the ML sense. As the scaling is global,

we can separate the adaptation problem for each of R Gaussians in the SI model. Thus, the

rth Gaussian mean parameter vector in the adapted model can be written as

φr = ηx̃r (3.10)

where r = 1, . . . , R (the number of Gaussians in the GMM-HMM). Let, O be the adaptation

data which is a series of L observation sequences, i.e., O = (o1, . . . , oL); γ
r(l) be the a posteriori

probability of occupying the rth Gaussian given that the observation sequence ol is generated;

C̄r be the covariance matrix for the rth Gaussian component in the SI model and D be the

dimension of the feature vector. Further, let the current and the updated HMM parameters be

denoted by Λ and Λ̄, respectively. The auxiliary function Q(Λ, Λ̄) [92] to be maximized for

estimating η (treating the terms independent of φ as constants) is given as

Q(Λ, Λ̄) = −
1

2
P (O|Λ)

P∑

p=1

L∑

l=1

γr(l)b(ol, r) + const. (3.11)

where

b(ol, r) =
(
ol − φr

)T
(C̄r)−1

(
ol − φr

)
(3.12)

or

b(ol, r) =
(
ol − ηx̃r

)T
(C̄r)−1

(
ol − ηx̃r

)
. (3.13)
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On differentiating (3.11) with respect to η and setting it to zero, we have

−
1

2
P (O|Λ)

d

dη

R∑

r=1

L∑

l=1

γr(l)
[
(ol − ηx̃r

)T
(C̄r)−1

(
ol − ηx̃r)

]
= 0 (3.14)

On simplifying (3.14), the estimate of the scale factor can be expressed as

η̂ =

[ R∑

r=1

( L∑

l=1

γr(l)
)
(x̃r)T (C̄r)−1x̃r

]−1[ R∑

r=1

(x̃r)T (C̄r)−1
( L∑

l=1

γr(l) ol

)]
(3.15)

The estimate of the rth adapted mean vector is then given as

φ̂r = η̂x̃r (3.16)

Note that above estimation process is identical to that used in the cluster adaptive training

except the weight being scalar. From (3.15), it is obvious that the computation of η is dependent

on the computation of γr(l). Therefore, η can be derived using an iterative approach similar to

that outlined in the CAT scheme. In the computation of η, the initial value of γr(l) is important

for the convergence. In the following, we discuss the problem that arises in the estimation of

the scaling factor due to improper initialization.

3.4.1.1 Issues in weight initialization

In the EV-based fast adaptation, the eigenvectors are derived using PCA performed on the

correlation matrix created using the mean supervectors. Hence their linear combination is not

guaranteed to result in a data likelihood higher than that obtained with respect to the SI model.

To deal with this, in the EV approach, the adapted Gaussian mean parameter is modeled using

a bias φ̄ with an unity weight as follows

φ = φ̄+
K∑

i=1

ηiei (3.17)

where {ei}Ki=1 represents the K eigenvoices and {ηi} is the set of corresponding interpolation

weights. As the interpolation weight estimation is interlinked with the computation of γr(l),

so an improper initialization may lead to a poor estimate of the weights. The bias φ̄, which

is often chosen as the SI mean supervector, ensures that the initial value of γr(l) is computed

pivoted to the space of the SI model parameters. This, in turn, guarantees an increase in the

likelihood of the adaptation data beyond that achieved by the SI model. To confirm this point,

we performed adaptation experiments without the bias term in weight estimation.

54TH-1509_10610209
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In the case of the sparse coding, the bases are derived by minimizing the representation error.

Therefore, like the eigenvectors, an improper initialization of γr(l) leads to a degradation in

the recognition performance. Employing the same reasoning, the adapted mean parameter for

the rth Gaussian is now modeled as

φr = φ̄r + ηx̃r (3.18)

where φ̄r is the mean parameter vector of rth Gaussian in the SI model. Using (3.18) in (3.12)

yields

b(ol, r) =
(
ol − φ̄r − ηx̃r

)T
(C̄r)−1

(
ol − φ̄r − ηx̃r

)
. (3.19)

With this modification, the estimate of η is given by

η̂ =

[ R∑

r=1

( L∑

l=1

γr(l)
)
(x̃r)T (C̄r)−1x̃r

]−1[ R∑

r=1

(x̃r)T (C̄r)−1
( L∑

l=1

γr(l)[ol − φ̄r]
)]

. (3.20)

Finally, the estimate of the rth adapted mean vector is determined as

φ̂r = φ̄r + η̂x̃r. (3.21)

The pseudo-code of iteratively finding the scaling factor η is as follows:

Step 1. Begin with the scaling factor set to zero, η = 0

Step 2. Find the current value of adapted mean φr using (3.18)

Step 3. Compute the Gaussian posterior matrix γ for the adaptation data using the current

value of adapted mean supervector φ

Step 4. Update the value of scaling factor η̂ using (3.20)

Step 5. Repeat steps 2, 3 and 4 until convergence

3.4.2 Sparse coding over learned dictionary

In the previous section, the proposed scaling of sparse coded target involved an exemplar

dictionary (the atoms correspond to speaker-specific mean supervectors). In this work, we

have also explored the effectiveness of the proposed approach on a learned dictionary. The

eigenvectors that are employed as bases in the EV approach are learned from the speaker-

specific mean supervectors using PCA. Consequently, the set of eigenvectors can be considered

as a learned dictionary. Therefore, a similar study is also performed to evaluate the effectiveness
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of the proposed approach in the eigenvector domain. The scheme outlined in [54] is followed

to derive the eigenvectors. But, unlike the EV approach, all eigenvectors are retained to form

a learned dictionary. The target is then sparse coded over that dictionary and the resulting

sparse coded target is scaled to derive the adapted mean parameters as explained earlier. It is

observed that the scaled sparse coding over both the kinds of dictionaries does help in getting

some improvements in recognition performance over that of the unadapted SI system.

3.4.3 Increasing the degrees of freedom

The presented SR-based approaches happen to substantially reduce the computational cost

compared to jointly learning the scaling factors for all the K bases. At the same time, the

restriction in the degrees of freedom in the weight estimation process does lead to some loss of

information. It is quite evident from Figure 3.6(c) that the employed global scaling is bound

to be suboptimal as there is a small spread about the mean. Consequently, the obtained recog-

nition performance is noted to be inferior to that of the existing unconstrained ML estimation

of the weights. To overcome this degradation, we have explored the possibility of increasing

the degrees to freedom without much increase in the cost of weight estimation. To achieve

the same, two kinds of dictionaries are employed in the sparse coding of the target. One of

the dictionaries Φ1 is the exemplar dictionary composed of speaker-specific supervectors. The

eigenvectors derived using PCA done on the correlation matrix constructed from Φ1 constitute

the atoms of the other dictionary Φ2. These dictionaries happen to provide two redundant rep-

resentations of the same acoustic space. Next, the sparse coded targets x̃1 and x̃2 are created

using Φ1 and Φ2, respectively. This is followed by the joint scaling of the two with SI pivoting

to obtain the adapted model mean supervector as

φ = φ̄+ X̃η (3.22)

where X̃ is a matrix composed of the two sparse coded targets, i.e., X̃ = [x̃1 x̃2]. The scaling

factor vector η = [η1 η2]
T is estimated using the iterative procedure given in Section 3.4.1.1

with (3.20) being modified as

η̂ =

[ R∑

r=1

( L∑

l=1

γr(l)
)
(X̃r)T (C̄r)−1X̃r

]−1[ R∑

r=1

(X̃r)T (C̄r)−1
( L∑

l=1

γr(l)[ol − φ̄r]
)]

(3.23)

where X̃r is the part corresponding to the rth Gaussian in X̃. We expect that an additional

degree of freedom added due to separate sparse codings would help in checking the loss of

56TH-1509_10610209



3.4 SR-based Acoustic Model Adaptation

information to some extent.

One may argue that the need for two sparse codings would result in increased computational

cost in the proposed approach. On the contrary, given the target, both the sparse codings can

be performed in parallel. Thus, effectively the cost remains the same as that of single sparse

coding. Increasing the number of dictionaries implies considering more number of bases in

modelling which, in turn, may result in additional improvement in the adaptation performance.

At the same time, with separate codings of the target, we are still able to contain the number of

parameters required to be estimated. The complete details of the proposed approach is outlined

in Algorithm 3.

3.4.4 Experimental evaluations and discussions

The setup used for the experimental evaluation remains the same as that discussed in

Section 3.3. The performances for the proposed approach for the PFts test set with varying

sparsity are given in Figure 3.7. The WERs are evaluated following the utterance-specific mode

of adaptation. Different kinds of dictionaries, as discussed earlier, are explored and the results

for the same are plotted. The performance is found to saturate when sparsity is around 10-

14. The combination of the exemplar and learned dictionary happens to result in the least

WER. This is so because this combination leads to capture more acoustic variations. Similar

studies are done using the CAMts test set as well. Saturation in performance with a change

in sparsity is noted in this case also. The best case results for these studies are tabulated

in Table 3.5. For further studying the effectiveness of the proposed adaptation technique, we

contrasted its recognition performance with other existing fast adaptation techniques like the

EV and the RSW. The performances for the EV- and the RSW-based adaptation are also

given in Table 3.5. It is to note that the recognition performance for the proposed approach

employing two dictionaries is as good as the existing techniques.

In the case of the children’s speech test set, the recognition performance of the SI system

happens to be very poor. Consequently, we explored the feasibility of combining the proposed

approach with the vocal tract length normalization. The VTLN-based frequency warping coun-

ters the ill effects of the variations in the vocal tract dimensions among the speakers. The

differences in the vocal tract dimension is quite large between adult and child speakers. Con-

sequently, the VTLN is found to be very effective in the case of the children’s mismatched

ASR [28]. To implement the same, warped MFCC features corresponding to frequency warping

factors lying in the range of 0.88-1.12 and in steps of 0.02 are computed for the given test
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Algorithm 3 SR-based Fast Adaptation Technique

Creation of sparse coded targets

Given: The exemplar the and learned dictionaries Φ1 and Φ2, respectively and the SI model
Λ.
Step 1. Decode the test utterance using the SI model to generate the first-pass hypothesis.
Step 2. Perform mean only MAP adaptation of SI model using the test data and its first-pass
hypothesis.
Step 3. Extract the mean supervector from the adapted model and substitute zeros for the
unadapted dimensions to derive the target, x.
Step 4. Using the OMP, derive the bases coefficients in SR υ1 and υ2 with respect to Φ1

and Φ2 with the sparsity being set to K.
Step 5. Create sparse coded representations x̃1 and x̃2 of the target using the sparse coeffi-
cients and the corresponding dictionaries

x̃1 = Φ1υ1

x̃2 = Φ2υ2

Joint estimation of scaling factors

Given: The matrix of sparse coded targets X̃ = [x̃1 x̃2], SI mean supervector, φ̄, and SI
covariance for rth Gaussian, C̄r, where r = 1, . . . , R.
Step 6. Initialize scaling factor vector, η1 = 0

for j = 1, j ≤ J, do

Step 7. Derive the mean parameter supervector for the adapted model

φj = φ̄+ ηT
j X̃

if j = J then

Break

else

Step 8. Compute the posterior probability γr(l) of the adaptation data for all r Gaus-
sians in the adapted model under the constraint of the first-pass transcription
Step 9. Re-estimate the scaling factor vector

η̂ =

[ R∑

r=1

( L∑

l=1

γr(l)
)
(X̃r)T (C̄r)−1X̃r

]−1[ R∑

r=1

(X̃r)T (C̄r)−1
( L∑

l=1

γr(l)[ol − φ̄r]
)]

(3.24)
end if

end for

Step 10. Estimate the final adapted mean supervector as

φ̂ = φ̄+ X̃ηJ
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Figure 3.7: Recognition performances for the proposed scaled sparse coding-based adaptation tech-
nique on the PFts test set in the utterance-specific mode of unsupervised adaptation with varying
sparsity. The sparse codings are performed on the exemplar (SA) and the learned (EV) dictionaries.

data. An ML-based grid search is then performed by aligning the different warped test features

against the SI model under the constraints of the first-pass hypothesis to find the optimal warp

factor. The optimally warped MFCC features are employed during the second-pass decoding

on the SI models. Huge reductions in WERs due to the VTLN can be noted from Table 3.5. It

is to note that, in the case of VTLN included baseline, the 95% confidence interval for the per-

formance with respect to PFts is ±1.30. Hence, the observed improvements in the recognition

performances are statistically significant.

For amalgamating the power of the VTLN with the proposed approach, there exist two

possible schemes:

• As the first-pass hypothesis is highly erroneous, one can first derive a better hypothesis

using the adapted models. The grid search for the optimal warping factor is then done

under the constraints of the second-pass hypothesis. A third-pass decoding using the

warped MFCC features is performed next to obtain the final hypothesis. This incurs the

latency of an extra decoding.

• Alternatively, the warping factors obtained using the first-pass hypothesis themselves

could be used during the second-pass decoding with respect to the adapted model.

An absolute difference of 1.2% in WER for the above two schemes of applying the VTLN was

noted with former being superior. In this work, for keeping the latency low we have followed

the latter scheme. The combination of the VTLN and the proposed approach results in nearly
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Table 3.5: The WERs for the proposed SR-based fast adaptation approach along with those of the
existing methods in the utterance-specific mode. The WERs are shown for the adult test set (CAMts)
as well as for the children test set (PFts). In the case of PFts, the WERs are given for the cases when
the default as well as VTLN warped MFCCs are employed during decoding. The numbers in the
parentheses denote the number of bases being interpolated to derive the adapted model parameters.

Explored WER (%)

Adaptation
CAMts

PFts

Techniques Default VTLN

Unadapted SI 11.30 64.24 33.90

Existing
EV (16) 10.65 46.73 28.00

RSW (18) 10.57 49.93 29.52

Proposed
1-Dictionary (1) 10.95 54.32 30.13

2-Dictionary (2) 10.63 47.54 28.58

Table 3.6: The WERs for the proposed adaptation approach along with those of the existing fast
adaptation methods in the incremental mode. The numbers in the parentheses denote the number of
bases being interpolated to derive the adapted model parameters.

Explored WER (%)

Adaptation
CAMts

PFts

Techniques Default VTLN

Unadapted SI 11.30 64.24 33.90

EV (16) 10.49 46.36 27.49

RSW (18) 10.50 50.26 29.88

Proposed (2) 10.51 47.19 28.05

additive improvement in the WER as shown in Table 3.5. We have also compared the proposed

technique with existing approaches in the incremental mode of adaptation. The recognition

performances for those experiments are tabulated in Table 3.6. Similar observations are noted

in this case as well.

In the case of CAMts as well as PFts, significant improvements in the recognition perfor-

mances are obtained by the use of the model-interpolation-based adaptation techniques. As

already discussed, these techniques require the estimation of a much lesser number of param-

eters to derive the adapted models. This attribute makes them suitable for those applications

where the adaptation data is generally scarce. The proposed adaptation approach performs

similar to the mentioned fast adaptation techniques with only a few parameters being esti-
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Table 3.7: The WERs of the proposed adaptation approach using regression-class-specific scaling
factor in the utterance-specific mode for the PFts test. All the reported WERs include VTLN-based
frequency warping being applied to the test features.

Explored Adaptation WER (in %)

Technique Single reg-class Two reg-classes

Unadapted SI 33.90

EV 28.00

Proposed (1-Dictionary) 30.13 28.62

Proposed (2-Dictionaries) 28.58 27.05

mated. Moreover, the consistency in improvement with increase in degrees of freedom from 1

to 2 can also be noted.

3.4.5 Regression class-specific scaling factors

Another way to increase the degrees of freedom is to partition the Gaussian components

into classes as proposed in the CAT scheme. Instead of estimating a global scaling factor,

class-specific scaling factors are estimated in this case. The Gaussian components can be

partitioned into classes in several ways. In this work, we have clustered the Gaussians using

the regression trees similar to that outlined in [49]. Increasing the degrees of freedom by using

class-specific scaling factors helps in improving the recognition performance as evident by the

WERs for the PFts test set given in Table 3.7. It is to note that, in the case of the exemplar

dictionary, a relative improvement of 5% is obtained by increasing the number of classes to two.

Further improvement can be obtained by using two dictionaries as evident from the last row in

Table 3.7. In principle, we could employ higher number of regression classes. But that would

lead to an enhanced overall computational cost as well as latency. Thus to limit our attention

to low-latency fast adaptation tasks, we did not explore more regression classes for the scaling

factor.

3.4.6 Contrast with recent works

A number of techniques, very similar to the EV approach, have been proposed in the past

decade [56–59] as reviewed in Chapter 2. In all of these approaches, instead of estimating global

interpolation weights, one interpolation weight parameter is estimated either for each segmental

EV or for each of the feature dimensions [57,58]. Consequently, the number of parameters to be
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estimated for adaptation is quite large. This, in turn, requires a greater amount of adaptation

data for their robust estimation. These techniques are reported to outperform the EV approach

when the adaptation data is significantly large.

A smoothing of ML weights using SR is proposed recently in [65]. In that work, initializa-

tion using ML weights and then smoothing using ℓ1-regularization, significantly increases the

complexity. This becomes prohibitive for the kind adaptation task dealt with in this work. In

the SR-based adaptation approach reported in [67], the MP-based SR and ℓ1-regularized SR

are used. A comparatively better performances are obtained by using ℓ1-regularized SR. For

optimization in the case of ℓ1-regularized SR, the projected gradient algorithm [69] is employed.

The complexity of the projected gradient descent algorithm happens to be much higher than

that of either OMP or LARS. In addition to that, it requires to be initialized using the coor-

dinates of the bases selected using MP. A sequential ML criterion is used during sparse coding

for optimization instead of the correlation-based representation error minimization used in the

approach proposed in this work. Like the interpolation weight estimation, the complexity of

the sequential ML optimization is square in the number of bases selected. Moreover, the ML

optimization results in selecting the same atom more than once making the matrix of selected

bases non-invertible. Use of OMP ensures that the selected bases are unique.

Recently, following the earlier proposed i-vector based adaptation approach, a fast adapta-

tion technique for mobile speech task is reported [93]. In this work, a number of tools supporting

parallel processing are employed to handle the large volume of data used in the training and

the testing. But our unfamiliarity with those tools limits us to provide any meaningful contrast

with the approach proposed in this work.

3.4.7 Discussion on the reduction of computational cost

The proposed scaled sparse coding technique greatly reduces the computations involved

during model interpolation weight estimation since only a few scaling factors are to be estimated

depending upon the number of dictionaries used. This reduction in number of weight parameters

is achieved at the cost of performing multiple sparse codings of the target. Given that there

are N atoms in the dictionary, the features are D dimensional and there are a total of R

Gaussians, the complexity in the basis-search or the sparse coding using the OMP is O(DNR).

The computational complexity is linear in each of the terms. On the other hand, if there are W

weights to be estimated, complexity in 1-iteration of weight estimation is O(D2WR+DW 2R).

Reducing the number of weight parameters reduces the cost of estimation which depends as
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Table 3.8: Comparison of the computational cost involved in the existing EV approach and the
proposed sparse coding approaches employing a sparsity of 14 and a global scaling factor. Also given
are the run-times in each case computed for a test file of about 8 seconds duration (847 frames).

Adaptation Sparse coding Weight/scaling factor estimation

Technique run-time† Number of Run-time†

T1 (secs) parameters T2 (secs)

EV 0 16 51

1-Dictionary 6 1 8

2-Dictionaries 12 2 12

† Computed for 64-bit MATLAB (R2010b) and HTK (ver. 3.4.1) running on Intel Xeon 6-core, 2.4 GHz CPU with 16 GB RAM.

the square of the number of weights. The proposed approach happens to significantly reduce

the number of parameters. As already discussed, the multiple sparse codings can be done in

parallel once the target supervector is derived from the given test data. Consequently, the

complexity is effectively due to a single sparse coding.

To further substantiate our claim of reduction in computational cost, the run-times of these

two steps are computed and enlisted in Table 3.8. It is to note that the times required to

generate the first-pass hypothesis and the final decoding have not been considered as those

remain the same for all the techniques. The value of T1 is the sum of the time required to

create the target supervector using MAP adaptation of SI model and to sparse code the target

using OMP. Since EV does not require any basis-search or sparse coding, T1 = 0 for that

case. The value of T2 is the time required to perform the ML estimation process to derive the

interpolation weights or the scaling factors. The weight estimation process accounts for a major

portion of the overall compute time as evident from Table 3.8. In the case of the EV, the value

of T2 is considerably higher than that for the proposed approach. Further, even the sum of T1

and T2 for the proposed technique is lower than that for the EV-based adaptation.

3.5 Summary

A novel fast adaptation approach employing scaled sparse coding over redundant dictionaries

has been presented in this chapter. The proposed approach is found to result in a recognition

performance similar to that obtained with the use of the existing techniques. The same is

verified experimentally in this work using two different tests sets, viz. the adults’ test set

(CAMtr) and the children’s test set (PFts). In the case of PFts, the proposed approach is also
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combined with the VTLN to enhance the overall recognition performance. The combination of

the VTLN with the proposed technique is found to result in additive improvements. Yet, the

recognition performances observed for the mismatched testing case happen to be much poorer

than those obtained in the matched case decoding. Large differences in the pitch values for the

two groups of speakers happens to be one of the factors that severely degrades the performance

in the mismatched testing case. Consequently, a study that attempts to quantify the reasons

and the extent of pitch-induced distortions in the context of children’s mismatched is presented

in the next chapter.
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As evident from the experimental results presented in Chapter 3, a highly degraded recog-

nition performance is obtained when acoustic models trained on adults’ speech are employed

for decoding the children’s speech. The acoustic properties such as formants, pitch, speaking

rate, etc., vary significantly across adult and child speakers [21, 94]. These factors aggravate

the acoustic mismatch between adults’ and children’s speech making the children’s mismatched

ASR a challenging problem. To compensate for these sources of mismatch, a number of tech-

niques have been suggested in literature and were discussed in Chapter 1.

Among the various factors of mismatch, the differences in the vocal-tract dimensions be-

tween the adult and child speakers is a major one. Compared to the adults, the vocal organs

of children are much smaller. These physiological differences account for a significant increase

in the pitch as well as the formant values observed in the case of children’s speech [21]. The

acoustic mismatch resulting from the scaling of formant frequencies can be effectively addressed

through the use of the VTLN. Consequently, the inclusion of the VTLN in the case of chil-

dren’s mismatched ASR results in large improvements as noted from the experimental results

presented in Chapter 3. On the other hand, neither the VTLN nor the model-space adaptation

approaches can effectively address the distortions induced due to the differences in the pitch

values. The number of utterances in the CAMtr and the PFtr sets having a particular pitch

value is plotted as a histogram shown in Figure 4.1. Similarly, the histograms for the pitch

values for two test sets are shown in Figure 4.2. From these histograms, its clearly evident that

the range of pitch values for the children’s speech significantly greater than that for the adults’

case.

In [40], it has been shown that the standard Mel-filterbank involved in MFCC feature com-

putation is not able to provide sufficient smoothing especially for high-pitched child speakers.

The insufficient smoothening of the pitch harmonics leads to a significant mismatch in the

variances of the higher-order MFCCs for adults’ and children’s speech [41]. A number of stud-

ies have already been reported for addressing the pitch mismatch in the context of children’s

mismatched ASR [29, 30, 37, 40, 41, 95]. Significant improvements over the default modelling

are reported either with synthetically transforming the pitch of the test signals to lower val-

ues [37,41] or with suitable modification of a few lower-order filters in the Mel-filterbank during

feature computation for the test signals [95]. These works happen to highlight the extent of

the pitch-dependent mismatch that exists in such cases. In this chapter, we analyze in detail

the cause and the extent of degradation induced due to the gross pitch mismatch. Based on

the studies presented in this chapter, we will develop adaptation techniques specifically for
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Figure 4.1: Histogram showing the number of utterances belonging to a particular pitch value in
the CAMtr (left pane) and the PFtr (right pane) train sets, respectively.

children’s mismatched ASR addressing the gross pitch mismatch in the following chapters.
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Figure 4.2: Histogram showing the number of utterances belonging to a particular pitch value in the
CAMts (left pane) and the PFts (right pane) test sets, respectively.
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Figure 4.3: The spectral plots for the central frame of the vowel /IY/ is shown with variations in
the F0 value. The 13-dimensional base MFCC feature (C0 − C12) corresponding to the central frame
are converted back to frequency domain using 100 point DFT. An intentional shift of 2 dB is added to
make the curves distinguishable. The effect of pitch-dependent distortions is quite evident especially
when F0 = 300 Hz. This analysis is performed using the acoustic phonetic speech corpus TIMIT.

4.1 Need for Pitch Normalization

In ASR domain, the front-end parameterizations typically involve static signal processing,

i.e., none of the parameters involved in the front-end signal processing algorithm are varied

according to the characteristics of the signal being analyzed. For computing the commonly used

MFCC features, first the spectral representation of the speech signal is obtained using short-

time Fourier transform (STFT) analysis. The resulting spectrum is warped to non-uniform

frequency scale and the same is effected by applying a triangular Mel-filterbank in the spectral

domain. The filtered magnitude spectrum, after logarithmic compression, is then converted to

the real cepstrum (RC) by applying discrete cosine transform (DCT). The low-time liftered

version of the resulting cepstral coefficients yield the final MFCC features. Owing to low-time

liftering, it is often assumed that such features would be largely free from the effect of excitation.

On the contrary, earlier studies [28,40,41] have reported that the MFCC features do get affected

for high-pitch (child) speakers in comparison to low-pitch (adult) speakers. It is argued that the

periodicity of speech excitation is not preserved in the case of the non-uniform filtering unlike

the uniform one. Thus, even with low-time liftering of the resulting Mel-cepstrum, some effect

of the pitch would be present in the derived features. Further, during warping of the frequency

scale, on account of narrow (≈ 100 Hz) bandwidth of lower-channel filters in the Mel-filterbank,

the periodicity of the excitation is not well smoothed out while analyzing the signals having

higher (> 200 Hz) pitch values. Consequently, some pitch-dependent distortions appear in the
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Figure 4.4: Variance plots for the base MFCC features C1-C12 for four different vowels corresponding
to two broad pitch (F0) ranges. For this analysis, the feature vectors for nearly 2000 speech frames
corresponding to the central portion of the vowel extracted from TIMIT are used. For the higher F0

range, the mismatch in the variances of higher-order coefficients is evident.

lower frequency region of the spectral envelope for the children’s speech. To demonstrate that,

the smoothed spectral envelope corresponding to the base MFCC features for varying pitch

values are plotted and are shown in Figure 4.3. As a result of the pitch- dependent distortions,

the variance of the higher-order MFCCs increases for high-pitch speakers. To demonstrate that

the dynamic range of higher-order MFCCs get enhanced in the case of the high-pitched speech,

the variance of the base MFCC features of the vowels /AY/, /AE/, /EY/ and /IY/ for two

broad pitch groups are plotted in Figure 4.4. In [96,97], salient other front-end cepstral features

such as the linear prediction cepstral coefficient (LPCC), the perceptual LPCC (PLPCC) and

the perceptual minimum variance distortionless response (PMVDR) were analyzed. Even those

features were found to be sensitive to the variation in the average pitch values across adults

and children.

4.2 Analytical Reasonings of Pitch Sensitivity of MFCC

In the following, we provide analytical explanation for the observed sensitivity of the MFCC

features to varying pitch of speech signals with seeking answers to the following two queries:
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(i) Why is the low-time liftering of the MFCC features no longer effective in removing the

effect of the pitch?

(ii) How does the magnitude of higher-order coefficients in base MFCC features get affected

by increasing the pitch?

From the source-filter model of speech production [98], the voiced speech signal is represented as

convolution of the impulse response of the vocal-tract system h(n) and the pulse train excitation

e(n). For voiced case, periodic excitation can be expressed as

e(n) =
∞∑

q=−∞

δ(n− qP ) (4.1)

where P is the pitch period.

Then we have

s(n) = h(n) ∗ e(n)

=

∞∑

q=−∞

h(n− qP ). (4.2)

Consider a N -length frame of speech ending at time m and the same is defined as

fs(n;m) = s(n)w(m− n)

= [h(n) ∗ e(n)]w(m− n). (4.3)

Using the arguments of Oppenheim and Schafer [99], if the applied window w(n) is long and

tapers slowly compared to the time constants of h(n), then we have

fs(n;m) ≈
∞∑

q=−∞

h(n− qP )w(m− qP )

= h(n) ∗ fe(n;m) (4.4)

where fe(n;m) = e(n)w(m − n) denotes the frame of e(n) determined by N -length window

ending at time m.

In deriving the RC-based features for a speech frame, one seeks the short-term RC of the

excitation and the long-term RC of the filter impulse response. From the approximation in

(4.4), we have

cs(n;m) = ch(n) + ce(n;m). (4.5)
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Already shown by Deller et. al. [100] (chapter 6, pp. 366-396) that for the causal voiced speech

frames having rational bounded-input bounded-output (BIBO) stable system function, the RC

of the filter impulse response (for being equivalent to the even part of the complex cesptrum)

can be bounded as

ch(n) ≤ (Qin +Rin)
αn

n
+
Qout

n
, n > 0 (4.6)

where Qin and Qout represent the numbers of zeros inside and outside the unit circle, respec-

tively, and Rin represents the number of poles inside the unit circle of the system function. The

maximum modulus of the roots inside the unit circle is denoted by α. On the other hand, the

RC of the excitation component can be expressed as

ce(n;m) =

∞∑

i=−∞

βiδ(n− iP ) (4.7)

where βis denote the impulse weights which decay as 1/i and depend on the window function

used while P is the pitch period. Usually the envelope of ch(n) decays much quickly with

respect to typical values of the pitch period P . Thus, an appropriate low-time liftering of

cs(n;m) reduces the effect of the pitch.

In the MFCC feature computation, unlike the uniform RC derivation, the short-time spec-

trum is warped to a non-uniform Mel-scale prior to computing the RC. Now we attempt to

qualify the effect of non-uniform frequency warping on the MFCC features. If the window used

to derive the excitation frame covers Q periods of e(n) and those periods corresponds to indices

q = q0, q0 + 1, . . . , q0 +Q− 1, then

fe(n;m) =

q0+Q−1∑

q=q0

w(m− qP )δ(n− qP ). (4.8)

On taking non-uniform Fourier transform1, we have

Fe(ωk;m) =

m∑

n=m−N+1

fe(n;m)e−jωkn

=
∑

n

q0+Q−1∑

q=q0

w(m− qP )δ(n− qP )e−jωkn

=

q0+Q−1∑

q=q0

w(m− qP )e−jωkqP (4.9)

1In practice, the non-uniform discrete Fourier transform (DFT) is used with no preservation of the delay.
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where ωk denotes the frequency samples taken corresponding to the center frequencies of the

triangular Mel-filterbank. Let us define the sequence

w̃(q) =

{
w(m− qP ), q = q0, . . . , q0 +Q− 1
0, otherwise

. (4.10)

Puting (4.10) into (4.9), we can show that

Fe(ωk;m) = W̃ (ωkP ) 6= W̃ (ωP ) (4.11)

where W̃ (ω) denotes the uniform Fourier transform of the sequence w̃(q). Therefore, due to the

Mel-warping, the pitch harmonicity in the spectrum of the excitation frame is lost. On taking

the DCT of log |Fe(ωk;m)| yields the Mel-cepstrum but it would not be pitch periodic. Thus,

even if the same is low-time liftered, some effect of the pitch remains unlike the uniform RC

case. This answers the first query.

Now for seeking the answer to the second query, we argue as follows. The spectra of the

vocal filters being smoother, we can safely assume that even with the Mel-warping of the

frequency axis the corresponding RC decays rapidly enough. Whereas, the Mel-cepstrum of

the excitation frame being aperiodic, the bound on its envelope can be developed identically

to the one derived for the RC of the impulse response part. Further, it is assumed that

the functional form of that bound remains same as in (4.6). Under these assumptions, we

argue that an enhanced envelope of the MFCC features would be noted in cases where the

underlying rational systems representing the Mel-warped spectrum of the excitation frame

happen to contain higher modulus roots within the unit circle. With increasing pitch values,

more pitch dependent distortions would appear in the envelope of the Mel-spectrum of the

excitation component. This will, in turn, lead to increased dynamic range of its RC. Therefore,

the combined RC of the speech frame would exhibit enhanced dynamic ranges for the higher-

order coefficients with increasing pitch of the signal. Here it is assumed that the magnitude of

lower-order coefficients would be dominated by the RC of the filter impulse response.

For verifying the above arguments, we conducted experiments with synthetically generated

periodic sequences and studied the nature of corresponding MFCC features and the pole-zero

plots of the underlying minimum-phase systems2. Figure 4.5 shows the STFT magnitude

spectra, the filtered Mel-spectra and the MFCC features derived for the synthetic excitation

sequences corresponding to the pitch values of 100, 200, and 300 Hz. Further, the minimum-

2The MATLAB code for estimating the minimum-phase system from a non-minimum phase Mel-spectra is
given in Appendix C.
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Figure 4.5: Plots demonstrating the increase in pitch dependent distortions in the Mel-spectral
envelope as well as the increase in the magnitude of the corresponding cepstrum with the pitch of
the excitation signals. The panels from left to right show the linear spectra, the filtered Mel-spectra
and the real cesptra for the synthetically generated excitation frames, whereas the rows from top to
bottom correspond to the pitch value of 100, 200, and 300 Hz, respectively.
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Figure 4.6: The pole-zero plots as well as the corresponding spectrum of the minimum-phase systems
derived for varying pitch Mel-spectrum of the synthetic excitations shown in the middle panels of
Figure 4.5. It can be noted that the moduli of the roots within unit circle are larger in the case of
higher pitch values.

phase systems corresponding to the Mel-warped spectra are also derived and their pole-zero

characteristics are plotted in Figure 4.6. From Figure 4.5, it can be noted that more pitch-

dependent distortions appear in the Mel-spectral envelope with increasing values of the pitch

even in the case of the synthetic excitation sequences having flat spectra. Also, the dynamic

ranges of the corresponding cepstra enhance with increasing pitch values. On observing the

pole-zero plots corresponding the minimum-phase systems, we can clearly note that the modili

of the roots within the unit circle increase with increasing pitch distortion as argued.
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4.3 Summary

When an ASR system is adults’ speech employing the GMM-HMM-based acoustic mod-

elling, the variances corresponding to the higher-order coefficients happen to be usually much

smaller in comparison to the lower-order ones. On the other hand, the higher-order cesptral

coefficients for the children’s test speech exhibit much increased variance as discussed in the

chapter. Consequently, on computing the likelihood of children’s test data with respect to mod-

els trained on adults’ speech, the Mahalanobis distance metric happens to enhance the distance

score for the higher-order feature coefficients. This leads to a degradation in the likelihood

which in turn degrades the recognition performance. To address this problem, a simple scheme

that truncates some of the higher-order coefficients in the base MFCC features was explored

in [40]. The enhanced spectral smoothening achieved by cepstral truncation helped in diluting

the ill-effects of pitch-dependent distortions to a great extent. At the same time, it led to a

significant loss of relevant spectral information. In the following chapters, we present alternate

schemes to provide the needed spectral smoothening with a reduction in the loss of information.
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To address the acoustic mismatch discussed in the previous chapter, a simple scheme that

truncates some of the higher-order coefficients in the base MFCC features was explored in [40].

Although the BW scheme was noted to be quite effective, it leads to the loss of relevant spectral

information when a large number of higher-order coefficients in the features are truncated

out. To address the same, a structured low-rank projection-based soft-weighting (SW)1 of

features is proposed in this chapter. The primary objective of the SW approach is to map

the adults’ training speech and children’s test MFCC features to a lower dimension subspace

so that the mismatch in the variance is effectively reduced. For this purpose, a low-rank

projection matrix is learned on the base MFCC features corresponding to adults’ speech data.

This can be done by employing either the principal component analysis (PCA) [55] or the

hetroscedastic discriminant analysis (HLDA) [101]. Considering the nature of mismatch being

similar in all three feature streams, the same projection matrix is applied to the delta and the

delta-delta cepstral coefficients as well. Thus, the employed feature projection matrix has a

constrained block-diagonal structure. The use of PCA/HLDA derived feature projections in

ASR modelling is certainly not novel. We do come across HLDA-based projection being used

for speaker adaptation [102]. But in that work, neither the employed projection was motivated

for addressing pitch mismatch nor it had a block-diagonal structure. We have experimentally

verified that such a constrained projection is more effective than the unconstrained one for the

children’s mismatched ASR.

In the second part of this chapter deals with the task of effectively combining the low-rank

feature projections with some of the existing adaptation/normalization approaches. In this

context, we propose a few novel structures which enable further reduction in the computational

cost as well as the memory without much degradation in the adaptation performance. The

salient contributions made in this chapter are summarized as follows:

• For addressing the acoustic mismatch between adults’ and children’s speech, a few struc-

tured low-rank feature projections are proposed.

• For further reduction of acoustic mismatch, the amalgamation of the soft-weighting with

existing model-space-based adaptation approaches is explored.

• A novel adaptation approach that incurs a very low complexity and memory requirements

is also proposed.

The remaining of the chapter is organized as follows: Section 5.1, we provide an overview

of the binary weighting scheme. The low-rank feature projection techniques to address the

1soft-weighting (SW) and low-rank project will be used interchangeably in this thesis
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acoustic mismatch are presented in Section 5.2. The proposed fast adaptation technique is

described in Section 5.3. Finally, the concluding remarks are given in Section 5.4.

5.1 Motivation

As mentioned in the previous chapter, in adults’ speech trained GMM-HMM-based acoustic

models, the variances corresponding to the higher-order coefficients in the feature vector are

usually much smaller relative to the lower-order ones. The mismatch in the variances of the

features vectors corresponding to the adults’ and children speech leads to a degradation in

the likelihood which in turn degrades the recognition performance. To address this problem

a simple BW scheme that truncates some of the higher-order coefficients in the base MFCC

features was explored in [40]. The cesptral truncation can be formulated as a low-rank feature

projection task. Let HK×D denote a projection matrix to be applied to a D-dimensional base

MFCC feature vector such that (D−K) higher-order coefficients are suppressed. The matrix in

(5.1) depicts the case when only K = 5 lower-order coefficients are retained while the remaining

higher order coefficients are forced to be zero.

H =




1 0 0 0 0 0 . . . 0
0 1 0 0 0 0 . . . 0
0 0 1 0 0 0 . . . 0
0 0 0 1 0 0 . . . 0
0 0 0 0 1 0 . . . 0



5×D

(5.1)

Since, the velocity and the acceleration coefficients are also found to exhibit similar nature,

the same transform is applied to those coefficients as well. The structure of the constrained

projection matrix H̃ applied to the 3D-dimensional test speech feature vector is given as

H̃ =



H 0 0
0 H 0
0 0 H



3K×3D

. (5.2)

For adaptation, the test data feature vectors as well as the mean vectors and the covariance

matrices of the SI system are transformed using H̃. If O = [o1, . . . , oL] denotes the speech

feature matrix consisting of L frames, the feature vector for the rth frame after the projection

is given by

õl = H̃ol. (5.3)

Given the mean vector and the covariance matrix for the rth Gaussian in the SI system (φ̄r

and C̄r), respectively, the corresponding transformed mean vector and covariance matrix in the
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adapted model are then given, respectively as

φ̃r = H̃φ̄r (5.4)

and

C̃r = H̃C̄rH̃T . (5.5)

Using the training data, the transformed means and covariances and H̃ as an input transform, a

single iteration of maximum likelihood (ML) re-estimation is applied to optimize all the model

parameters including the state transition matrices and the Gaussian mixture-weights.

5.2 Proposed Soft-Weighting Scheme

The drawback of the BW approach lies in the complete loss of information in the higher-

order feature coefficients when those are dropped. Alternatively, one can learn the variation

of the lower pitch (training) data and apply the same to the higher pitch (children’s test)

data. This scheme may be able to avoid the complete loss of information while suppressing

the pitch-dependent mismatch. A low-rank projection capturing the principal dimensions of

acoustic variations represented by the adults’ speech training data is expected to suppress the

higher-order coefficients. Thus, the dimensionality reduction techniques can be employed to

learn such low-rank projections. In this work, we have explored the PCA and the HLDA for

this purpose. Unlike the BW case, such low-rank projection matrices do not have a purely

diagonal structure and therefore their application is referred to as soft-weighting of the cepstral

features and the acoustic models.

5.2.1 Learning of structured low-rank projections

In speech signal processing, a number of dimensionality reduction techniques have been used

for data compression and classification. One such approach is the principal component analysis.

In the PCA, a new set of variables are defined that retain most of the information present in

the original data variables. This is easily achieved by projecting the original data to a lower

dimensional subspace capturing the maximum amount of variation. The bases spanning the

desired lower dimensional subspace are called the principal components (PCs). The PCA-based

projection ensures that the first PC has the largest variance. In other words, it accounts for the

maximum variability in the data. Each succeeding component has the next highest variance.

Furthermore, every succeeding component is orthogonal to the preceding PCs. The PCs are
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derived by the eigen-decomposition of the covariance or the correlation matrix constructed out

the given data.

Let F be matrix such that each column represents one of the F -frames of the D-dimensional

base MFCC feature vectors for the training set, {fi}Fi=1. The covariance matrix constructed out

of F is given as

QF = (F− F̄)(F− F̄)T (5.6)

where F̄ is the mean of F. The correlation matrix, on the other hand, is given by

UF = FFT . (5.7)

If H denotes a D ×D projection matrix, the transformed data matrix can be expressed as

V = HF. (5.8)

In the case of the PCA, the basic objective is to derive a H such that the covariance of the

transformed data QV becomes diagonal. The eigen-decomposition of QF or UF results in a set

of D-dimensional eigenvectors {ei}Di=1 and their corresponding eigenvalues {βi}. By selecting

the eigenvectors corresponding to the K highest eigenvalues, dimensionality reduction with

maximum retention of the information is achieved. These eigenvectors form the bases of the

desired lower dimensional subspace. The HK×D is then arranged to form a block diagonal

matrix as shown in (5.2) to derive H̃.

Another common dimensionality reduction technique is the HLDA. Unlike the PCA, class

labels are required for learning the HLDA-based low-rank projection. Given the labeled training

data, an ML approach minimizing the ratio of the within-class and the between-class scatter

is used to derive the HLDA-based projection matrix. In order to derive H̃ in the structure

given in (5.2), a GMM-HMM-based system is developed using the D-dimensional base MFFC

features only. A projection matrix HK×D is then learned using the developed GMM-HMM

system and the labeled adults’ training data. Since the projection matrix in the PCA case is

not learned in ML sense, it is not expected to be as effective as that in the HLDA case.

In order to depict the degree of suppression graphically, a 13× 13 identity matrix I is used

to study the effect of projection on a particular dimension of the feature vector. Each column

of I represents one of the 13 dimensions in the feature vector being high while the remaining 12

dimensions being deactivated. The projection matrix HK×D is then multiplied with I. For each

of the columns in the transformed matrix, the ℓ2-norm is computed to determine the resulting

energy. The dimension-wise resulting energy for the three kinds of projections (BW, SW-PCA
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Figure 5.1: Feature dimension-wise energy distributions obtained by multiplying HK×D with a
13× 13 identity matrix I. The resulting energies are shown for the three different kinds of projection
matrices with varying rank (K = 12, K = 8 and K = 4). In these plots, the x-axis denotes the
feature coefficient index while the y-axis represents the magnitude of the resulting energy. These plots
highlight the degree of suppression of higher-order indices in the feature vector in each of the cases.

and SW-HLDA) are shown in Figure 5.1. These distributions are plotted for the cases when

K = 12, 8 and 4. As both the variants of PCA are observed to have a similar effect, the energy

distribution for the correlation-matrix-based PCA case is plotted here. With reducing rank

of the projection matrices, an increased suppression of higher-order coefficients is noticeable

for all three cases. But unlike the BW case, some information in the higher-order coefficients

would be retained in the SW cases which will lead to an enhanced recognition performance.

5.2.2 Performance evaluation

For evaluating the proposed low-rank projections, the rank of H̃ is varied from 36 to 12 in

steps of 3. For incorporating the VTLN, the warped feature vector o
(αi)
l , αi being the optimal

warp factor, is transformed by H̃. The transformed feature vector õ
(αi)
l is then decoded on

the correspondingly transformed models. The WER profiles for the SW-PCA-based feature

projection technique with variations in the rank of the applied projection matrices are shown

in Figure 5.2(a). For contrast, the WERs for the case when unstructured projection matrices are

employed are also shown in Figure 5.2(a). For deriving the unstructured projection matrices,
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Figure 5.2: The WER profiles for children’s mismatched ASR for varying ranks of SW-PCA with
(a) structured and unstructured feature projections, (b) root projection matrix H derived using base,
delta and delta-delta features, respectively, and (c) modified structured feature projection.

the 39-dimensional MFCC feature vectors are used during the PCA. The efficacy of employing

the structure given in (5.2) is evident from Figure 5.2(a). A possible explanation for the use

of proposed structure lies in the fact that both the delta and the delta-delta coefficients in

the feature vector have much lower variances in comparison to those of the base coefficients.

Consequently, in the case of the unstructured projection, mostly the delta and the delta-delta

coefficients would get suppressed with a reduction in the rank instead of an effective suppression

of only the higher-order coefficients in all three streams. Furthermore, the derivation of the

root projection H using the delta/delta-delta coefficients is also explored and the WER profiles

for the same are shown in Figure 5.2(b). An absolute degradation in WERs by 3.5% and 5.5%

are noted.

Another way to derive the structured low rank projection is as follows: derive H1 using the

base, H2 using the delta and H3 using the delta-delta coefficients, respectively. The structure

of the modified projection matrix H̃ applied to the 3D-dimensional test speech feature vector

is then given as

H̃ =



H1 0 0
0 H2 0
0 0 H3




3K×3D

. (5.9)

We explored the effect of employing the modified structure as well. The WER profile for

this study along with that for the original structure given in (5.9) with variations in the rank

are shown in Figure 5.2(c). Interestingly, both the structures result in similar changes in the
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Figure 5.3: The WER profiles with varying ranks of the BW and the SW-based feature projections
for children’s mismatched ASR.

WER with the variation in the rank of the projection matrix. For the ease in comparison,

the WER profiles for three kinds of projections (BW, SW-PCA and SW-HLDA) are shown in

Figure 5.3. It can be noted that the proposed SW-based approach significantly outperforms

the BW approach. It is to note that the the 95% confidence interval for the performance

with respect to PFts is ±1.30. Therefore, all the observed improvements in the recognition

performances are statistically significant.

To further build the confidence in our proposed approach, another ASR system was devel-

oped using the PLP-based acoustic features instead of the MFCC features. The procedure of

deriving the PLP-based cepstral features is described in Appendix A.2. The 13-dimensional

(C0-C12) base PLPCC features are derived using 12th order LP analysis and a 21-channel tri-

angular Mel-filterbank. The LP order chosen for PLPCC feature extraction is consistent with

that reported in the literature. In addition to the base features, their first- and second-order

temporal derivatives (computed over a span of 5 frames) are also appended making the final

feature dimension as 39. The so derived 39-dimensional features are employed for the training

of the ASR system. The developed ASR system had the same architecture as discussed in

Chapter 3. The recognition performance of new SI system for the PFts test set turns out to

be very similar to that obtained using the MFCC features. Furthermore, the use of VTLN

and low-rank feature projection is observed to be effective with the PLPCC features as well.

The WER profile for this study with variations in the rank of the SW-HLDA-based projection

matrix are shown in Figure 5.4. For the contrast purpose, the WER profile for the MFCC
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Figure 5.4: The WER profiles with varying ranks of the BW and the SW-based feature projections
for children’s mismatched ASR.

features are also shown in that figure.

5.3 Revisiting Fast Adaptation of Acoustic Models

In the previous chapters, the model-interpolation-based fast adaptation techniques were dis-

cussed in detail. Moreover, their efficacy was explored under the matched and the mismatched

case decoding. In the following, we first re-present an overview of the fast adaptation techniques

for quick reference. This is followed by a discussion on a novel fast adaptation technique that

significantly reduces the latency in comparison to the existing approaches.

In the model-interpolation-based fast adaptation techniques, the basic assumption is that

the adapted Gaussian mean vectors lie in a low dimensional subspace. The adapted GMM-

HMM means are hence derived by a linear combination of a set of predefined acoustic models

(or bases). For example, the adapted mean vector for the rth Gaussian φr is derived as

φr = φr
0 + η1φ

r
1 + . . .+ ηjφ

r
j + . . .+ ηMφr

M (5.10)

where φr
0 is an optional bias vector and {φr

j}
M
j=1 is the set of predefined bases. Since the

other GMM-HMM parameters remain unchanged, those are borrowed from the SI system to

define the complete model. Only a few interpolation weights or the direction coordinates {ηj}

are required to be estimated. These interpolation weights are global in nature, i.e., the same

weight is applied to all the Gaussians in a basis. As a consequence of these constraints, even a

small amount of adaptation data happens to be sufficient for their reliable estimation. In the
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case of ASR tasks involving human machine interactions, such a reduction in the number of

parameters is highly desirable.

The complexity of the interpolation weight estimation process depends on a number fac-

tors. If R is the number of Gaussians in the acoustic model, M is the number of bases

and D is the dimensionality of MFCC features, then the complexity of weight estimation is

O(R[M2D + MD2]). When the number of bases considered is not large (M ≤ D), the com-

plexity can be approximated as O(R M D2). The cost of MLED can be reduced by reducing

the value of M . Exploiting this fact, we had presented an SR-based fast adaptation technique

in Chapter 3. The computational cost of MLED can be further reduced by reducing D. Con-

sequently, we explored the feasibility of combining the SW-based projection techniques with

model-interpolation-based adaptation approaches. Such reduction is highly desirable in the

case of ASR tasks where latency is major factor as well as the available adaptation data is low.

Moreover, this is also expected to result in additive improvements in the system performance.

5.3.1 Inclusion of soft-weighting in fast adaptation

In general, the adults have larger vocal organs than the children. Consequently, the adults’

speech has lower pitch and formant values. As a child follows a normal growth profile, the

diameter of glottis and the length of vocal tract remain in proportion. With this assumption,

the pitch value and the vocal tract length are expected to have a strong negative correlation.

Thus, both the pitch and the vocal tract length differences happen to contribute additively

to the acoustic mismatch observed between adults’ and children’s speech. Based on these

arguments, a linear dependence between the degree of acoustic mismatch and the VTLN warp

factor for the test data estimated with respect to the trained acoustic model was explored

in [28]. Through an empirical study done using the PFtr set in the PF-STAR database, it

was shown that the rank of the BW transform to be applied for a particular speaker could be

selected based on the estimated VTLN warp factor for that speaker. We repeated that study

for the SW-based projection and observed a similar linear dependence.

In order to derive the lookup table, a development set is created from the PFtr, i.e., the

PF-STAR training data. The development set consists of 350 utterances from 66 speakers

constituting a total of 16560 words. Care has been taken to include the utterances from

speakers belong to all age groups (4-13 years). The WER for the development set on the

SI system without and with the inclusion of the VTLN happen to be 54.96% and 39.50%,

respectively. The split of the development set on the basis of the optimal VTLN warp factor
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Figure 5.5: Distribution of utterance-specific VTLN warp factors estimated with respect to the SI
system for a development set consisting of 350 utterances extracted from the PFtr.

values estimated using the SI systems is shown in Figure 5.5. The WERs for each of the split

in the development data with respect to differently SW-PCA transformed models is shown in

Table 5.1. Using a linear fit to best case WERs obtained in this study, the lookup table is

determined. Thus, given the VTLN warp factor for the children’s test data, the rank of the

projection to be applied is selected as per the look-up table shown in Table 5.2.

During the system development phase, the SI system Λ is transformed by applying different

low-rank projection matrices H̃(αi) corresponding to warp factor (αi) values lying in the range

0.88 to 0.98 in steps of 0.02. The chosen range corresponds to the warp factor values that are

usually found to be optimal in the case of children’s mismatched ASR. Let the transformed

SI system be denoted by Λ(αi). The speaker-specific training data in CAMtr is also trans-

formed using various H̃(αi)’s. The transformed speaker-specific training data is then used to

adapt the Gaussian mean vectors of the corresponding Λ(αi). A separate set of speaker-specific

mean supervectors are then extracted from each mean adapted Λ(αi). Next, a separate set of

eigenvectors are derived from those speaker-specific mean supervectors corresponding to each

αi following the procedure explained earlier. In the case of EV-based adaptation, for each

each αi, the top M eigenvectors form the bases. Similarly, in the case of SR-based adaptation,

for each αi, two dictionaries are created using the speaker-specific mean supervectors and the

eigenvectors, respectively.

During the mismatched testing, the value of αi is computed for the given test data under the
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Table 5.1: WERs for the optimal warp factor based splits of the development set with respect to
various SW-transformed models.

Rank of the WER (in %)

SW matrix 0.88 0.90 0.92 0.94 0.96 0.98

12× 13 37.41 39.89 20.73 13.94 13.17 15.63

11× 13 36.52 38.83 20.05 13.05 11.94 16.08

10× 13 33.97 37.84 19.53 15.04 13.40 17.15

9× 13 34.58 37.46 19.23 14.38 13.17 16.84

8× 13 33.23 36.30 20.05 16.15 13.73 16.39

7× 13 32.93 40.22 23.28 15.49 15.41 18.06

6× 13 37.45 39.72 21.36 17.04 16.87 18.51

5× 13 38.02 44.71 25.49 17.48 21.52 22.61

4× 13 42.73 46.64 30.13 22.35 27.19 24.89

Table 5.2: A look-up table for selecting the order of the feature projection matrix H̃(αi) based on
the VTLN warp factors {αi}

6
i=1.

Warp factor Order of the Warp factor Order of the

value projection matrix value projection matrix

α1 = 0.88 21 × 39 α4 = 0.94 30 × 39

α2 = 0.90 24 × 39 α5 = 0.96 33 × 39

α3 = 0.92 27 × 39 α6 = 0.98 36 × 39

constraints of the first-pass hypothesis. Depending upon the chosen adaptation technique, the

corresponding set of eigenvoices or the dictionaries are selected using the look-up table (shown

in Table 5.2). In the case of EV, the adapted model mean vector for the rth Gaussian is then

derived as

φ̂r = e
r,(αi)
0 +

M∑

j=1

ηj e
r,(αi)
j (5.11)

where the interpolation weights ηj ’s are estimated using MLED. On the other hand, in the case

of SR-based adaptation, a target supervector x(αi) is created using the given test utterance

transformed using H̃(αi). The target is sparse coded over the two selected dictionaries to derive

x̃
(αi)
1 and x̃

(αi)
2 , respectively. The adapted model mean vector for the rth Gaussian in this case
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Table 5.3: The WERs for the EV- and the SR-based fast adaptation approaches implemented in the
utterance-specific mode. The number in parenthesis indicates the bases employed in that case. The
performances are also shown for the cases when the SW-based projections are combined with the EV-
and the SR-based adaptation.

Explored adaptation WER

techniques (in %)

No adaptation 33.90

EV (16) 28.00

SR (2) 28.58

SW-PCA 23.15

SW-PCA + EV (16) 19.83

SW-PCA + SR (2) 20.09

SW-HLDA 22.02

SW-HLDA + EV (16) 18.24

SW-HLDA + SR (2) 18.69

is then derived as

φ̂r = a
r,(αi)
0 + η1 x̃

r,(αi)
1 + η2 x̃

r,(αi)
2 (5.12)

The study of including SW projections in model interpolation is performed on PFts test set

only. The WERs for the same are given in Table 5.3. A relative improvement of 14% and 21%

over the EV adaptation are noted for the PCA- and the HLDA-based projections, respectively.

Similar reductions in WER are obtained with the SR-based adaptation as well. Since the

the 95% confidence interval for the performance with respect to the SW baseline is ±1.16, the

observed improvements in the recognition performances are statistically significant. It is to note

that the warp factors for a large number of the test utterances in PFts test set lie in the range

of 0.88-0.92. Consequently, the employed MFCC features and the model parameters happen

to be 21-27 dimensional. Since the complexity of MLED is quadratic in feature dimension, a

substantial reduction in the cost is achieved.

The adaptation scheme outlined in this section requires extra memory for the storage of

M eigenvoices for each of the warp factor values in contrast to an unadapted SI system. In

the case of the SR-based approach, the memory requirement is even more since all the mean

supervectors as well as the eigenvectors are required to be stored. Such an increase in memory

requirement may not be amenable for interactive ASR tasks. In the next section, we describe
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a novel approach for addressing both these issues.

5.3.2 Proposed fast adaptation approach

In the proposed technique, a set of Gaussian mean supervectors are first derived a priori

using some data from children domain2. These mean supervectors can be derived using either

the EV- or the MLLR-based adaptation of the SI system. In this study, the SR-based approach

is not used because of the increased memory requirements. Given the test data, a mean

supervector is selected and then optimally scaled to get the adapted mean vectors. Since a

single scaling factor is required, the introduced latency is minimal. In the following, the two

steps involved in proposed adaptation approach are discussed.

5.3.2.1 Off-line estimation of model mean parameters

The children’s speech training data (PFtr) is treated as the domain data and is split into

different acoustic groups corresponding to their VTLN warp factors estimated with respect to

the SI system Λ. In the case of EV, for each αi, an interpolation weight vector η(αi) is derived

via MLED using the corresponding domain-specific data and its true transcription. The mean

vector for the rth Gaussian is then estimated as

m̂r,(αi) = e
r,(αi)
0 +

M∑

j=1

λ
(αi)
j e

r,(αi)
j . (5.13)

Similarly, in the case of MLLR, given the domain-specific data corresponding to an αi and its

true transcription, a global affine transform of the SI means is computed. For the rth Gaussian

in the model Λ(αi), the transformed mean vector is estimated as

m̂r,(αi) = Pr,(αi)φ̄r,(αi) + br,(αi) (5.14)

where Pr,(αi) is the MLLR transform, φ̄r,(αi) is the SW transformed SI mean vector correspond-

ing to the value of αi and br,(αi) is a fixed bias. The discussed procedure for creating the mean

vectors is outlined as a block diagram in Figure 5.6. In both these cases, only the transformed

mean vectors mr,(αi) are saved. One can stack the transformed mean vectors mr,(αi) in the form

of a supervector m(αi) as well before saving.

During testing, the pre-estimated mean vectors are chosen on the basis of the value of αi

estimated for the test data. The remaining model parameters used in decoding are borrowed

2This scheme is feasible only when a small amount of developmental data from the children domain is
available. In the absence of the domain data, the approach described in Section 5.3.1 may be used.
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Figure 5.6: The block diagram details the steps involved in creating the transformed mean vectors
from the SI system using a combination of SW and model space-based adaptation. The process is
outlined for the two different adaptation approaches, viz. Eigenvoices (EV) and maximum likelihood
linear regression (MLLR). H̃(αi) denotes a structured low-rank projection matrix whose order is tied
to the VTLN warp factor αi as shown in Table 5.2.

from the corresponding SW transformed SI system Λ(αi). By employing the VTLN warp factor-

based indexing of models, a single parameter αi is required to be estimated for the given test

data. With this scheme, the entire process of deriving the model parameters becomes off-line.

In addition to that, it provides with the flexibility of using more complex adaptation techniques

viz. MLLR without increasing the overall latency. Moreover, one set of domain data adapted

model means mr,(αi) per αi is required to be stored. As the range of αi is limited to 0.88-0.98

in steps of 0.02, the overall memory requirement remains under check.

5.3.2.2 Global ML scaling of model mean parameters

As explained in 5.3.2.1, the selected model mean vectors are domain data adapted. Hence,

those mean vectors are not guaranteed to be optimal for the given test data. To address this

issue, we explored the test data dependent global scaling of the selected model mean vectors.

In the this approach, given the warp factor αi, the adapted mean vector φr for the rth Gaussian

is modeled as

φr = ηmr,(αi) (5.15)

where mr,(αi) is the mean vector for the rth Gaussian in the chosen model Λ(αi) corresponding

to αi and η is the scaling factor to be estimated in ML sense. The given test data O (a series of

L observation sequences) is transformed using H̃(αi) to derive Õ before computing the scaling

factor. Following the procedure outlined in the CAT technique, an estimate of the scaling factor
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is given by

η̂ =

[ R∑

r=1

( L∑

l=1

γr(l)
)(

mr,(αi)
)T

(C̃r,(αi))−1mr,(αi)

]−1[ R∑

r=1

(
mr,(αi)

)T

(C̃r,(αi))−1
( R∑

l=1

γr(l) õl

)]

(5.16)

where the γr(l) posteriori probability of occupying the rth Gaussian at time l given that the

transformed observation sequence õl is generated and C̃r,(αi) is the covariance matrix for the

rth Gaussian component in the chosen model Λ(αi). The proposed fast adaptation approach is

summarized in Algorithm 4.

Algorithm 4 SW-based Fast Adaptation Technique

Off-line part

Given: SI model Λ, SW-based projection matrices H̃(αi) corresponding to the VTLN warp
factors {αi}

6
i=1 lying in the range 0.88-0.98 in steps of 0.02, the domain-specific data from

the child speakers and its true transcription.

for each αi do

Step 1. Transform the means and the covariances in Λ using H̃(αi). Update all the
parameters while deriving the lower dimensional model Λ(αi).

Step 2. Modify the mean vectors in Λ(αi) using the EV- or the MLLR-based adaptation
and the correspondingly transformed domain-specific data to get m(αi).

Step 3. Replace the means in Λ(αi) by m(αi) to get Λ̃(αi).

end for

Decoding part

Step 4. Decode the test data O = {or}Rr=1 using Λ to get the first-pass hypothesis.

Step 5. Compute the warped features O(αi) corresponding to αi

Step 6. Force-align each of O(αi) with respect to Λ under the constraints of the first-pass
hypothesis to compute its likelihood.

Step 7. Choose the value of αi resulting in the highest likelihood.

Step 8. Select the model Λ̃(αi) corresponding to the optimal αi.

Step 9. Transform O using H̃(αi) to get Õ.

Step 10. Estimate global scaling factor η̂ using equation in (5.16).

Step 11. Transform O(αi) using H̃(αi) to get Õ(αi) and re-decode using Λ̃(αi) with the rth

Gaussian mean vector replaced by

φr = η̂mr,(αi)

92TH-1509_10610209



5.4 Summary

20 40 60 80 100 120 140 160
19

20

21

22

23

24

25

Duration of the used domain−specific data (in sec.)

W
E

R
 (

in
 %

)
(a)

 

 

20 40 60 80 100 120 140 160
19

20

21

22

23

24

25

Duration of the used domain−specific data (in sec.)

W
E

R
 (

in
 %

)

(b)

 

 

Baseline+SW
SW+EV (scaled)
SW+MLLR (scaled)

Baseline+SW
SW+EV
SW+MLLR
SW+EV (scaled)
SW+MLLR (scaled)

Figure 5.7: The WERs for the SW-based fast adaptation scheme in the (a) utterance-specific and
(b) incremental modes. The x-axis represents the amount of children’s domain-specific data used for
the off-line estimation of model parameters.

5.3.2.3 Evaluation results

The recognition performances for the proposed approach in the utterance-specific mode with

variations in the amount of domain-specific children’s data used in deriving the pre-defined

models are plotted in Figure 5.7(a). Recognition performances are shown for the cases when

the mean vectors to be scaled are derived using the EV or the MLLR adaptation technique.

Also shown are the WERs for the cases when no test data dependent scaling of the chosen mean

vectors is performed. All the presented WERs include VTLN-based warping being applied to

the test data. The effectiveness of the global scaling is quite evident from the shown recognition

performances. The WERs for the same study performed in the incremental mode are shown in

Figure 5.7(b). Similar trends are noted in this mode as well.

5.4 Summary

Motivated by the earlier works addressing the pitch-dependent distortions using a BW

scheme, a structured low-rank feature projection technique has been proposed in this chapter.

The use of low-rank projections also address the loss of relevant spectral information unlike

the BW approach. As a consequence of applying the low-rank projections, the pitch dependent

distortions are more effectively suppressed in the case of mismatched children’s ASR. The

SW-based projection is shown to result in a relative improvement of 35% over the baseline.

Moreover, a novel fast adaptation approach for the GMM-HMM-based ASR system is also

proposed. The presented technique exploits the correlation between the acoustic mismatch and
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the estimated VTLN warp factor for the given test data. Based on the warp factor estimate,

an appropriately transformed model is selected during testing. The selected model is then

optimally scaled with respect to the test data. Consequently, the proposed approach involves

the estimation of only two parameters. Despite these constraints, significant improvements are

noted. The proposed adaptation approach is found to result in a relative improvement of 44%

over the baseline. On account of a few parameter estimation, the overall computational cost

is quite low. Moreover, it also ensures that the memory requirement is small enough. These

factors make the proposed adaptation approach amenable for interactive ASR tasks.

An alternate way to address the effects of pitch-induced distortions is to provide sufficient

smoothening of pitch harmonics during the acoustic feature extraction process. In the next

chapter, we explore an existing approach that involves pitch-adaptive signal processing to obtain

smoother spectra prior to the extraction of the final cepstral features. In addition to that, we

also present a simple scheme for achieving the same.
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In Chapter 5, we had presented a soft-weighting technique to suppress the variance of the

higher-order cepstral coefficients. This approach was found to be very effective. The SW-based

projections were applied on the trained acoustic models and the cepstral features of the test

data. An alternate way of addressing this issue is to project the training data to a lower-

dimensional subspace before training the acoustic models. This alternate way will be explored

in Chapter 7. In this chapter, we explore the inclusion of the pitch-adaptive signal processing

techniques in the computation of MFCC features. The use of these techniques is intended

towards deriving the pitch-normalized MFCC features which would be relatively free from the

aforementioned pitch-dependent distortions noted in the case of high-pitched signals.

One such technique is the STRAIGHT-based spectral analysis reported in [103]. In this

approach, a pitch-adaptive window is employed during speech analysis which provides equiva-

lent resolution in both time and frequency. The use of STRAIGHT-based MFCC features have

already been explored in the context of adults’ matched ASR [104]. In that study, the authors

did not find the STRAIGHT-based MFCC features any better than the conventional MFCC

features. In our understanding, such an observation is attributed to the ASR task being the

matched one. The differences in the pitch across adult speakers is not as large as those existing

between adult and child speakers. Thus, with the hope that the STRAIGHT-based MFCC

features may turn out to be effective for children’s mismatched ASR, it is being explored in

this chapter. Further, we also present a simple scheme which adaptively discards the pitch

information prior to computing the MFCC features. The proposed approach is found to be

less sensitive to the errors in the estimation of the frame-specific pitch of the analyzed signal

unlike the STRAIGHT-based approach. Both the explored pitch-adaptive feature extraction

approaches are found to enhance the recognition performance of the mismatched ASR system.

As already mentioned earlier, children’s speech has higher formant frequencies and greater spec-

tral variability [22, 23]. Consequently, we have also explored the feature-space normalization

approaches in combination with the pitch-adaptive MFCC features. The combination of the

techniques is found to be highly effective in the case of the mismatched ASR task.

The remaining of this chapter is organized as follows: In Section 6.1, the STRAIGHT-based

spectral analysis and feature extraction is discussed. In Section 6.2, the proposed adaptive-

liftering-based pitch-robust feature extraction approach is outlined. The impact of the explored

pitch-adaptive features are empirically analyzed in Section 6.3. The experimental evaluation

of the pitch-adaptive schemes is discussed in Section 6.4. The effect of combining the pitch-

adaptive features with the VTLN and the SW is presented in Section 6.5 Finally the chapter
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is concluded in Section 6.6.

6.1 Review of STRAIGHT-based MFCC Features

In contrast to the conventional STFT-based spectral analysis employing fixed window, the

STRAIGHT spectral analysis involves a pitch-adaptive window having equivalent resolution

in both time and frequency domains [103]. In the STRAIGHT analysis, the speech signal is

windowed with two complimentary pitch-adaptive windows wp(t) and wc(t). These windows

are based on the product of a Gaussian function and a 2nd-order cardinal B-spline function,

and those are given by

wp(t) = e−π(t/T )2
⊛ b(t/T ) (6.1)

wc(t) = wp(t) sin(π
t

T
) (6.2)

where t is the time index, T is the pitch (fundamental) period (T = 1/F0) and b(t) is the

Bartlett window given by

b(t) =

{
1− |t|, |t| < 1

0, otherwise .
(6.3)

The final smoothed spectrum is obtained as

P (ω, t) =
√
P 2
p (ω, t) + ζP 2

c (ω, t) (6.4)

where P 2
p (ω, t) and P

2
c (ω, t) are the power spectrum obtained using wp(t) and wc(t), respectively.

The blending factor value ζ = 0.13655, as suggested in [103], is used. The partial information

so obtained is interpolated to derive a smoothed time-frequency representation that is devoid

of the ill effects caused by the signal periodicity. This spectral analysis has been effectively

employed in speech synthesis [105, 106] and voice conversion [107, 108].

For the STRAIGHT-based spectral analysis, a reliable estimate of the pitch is very impor-

tant. Errors in the pitch estimation lead to improper cancellation of pitch harmonics, thus

resulting in spectral distortions. For this reason, the pitch is estimated using the TEMPO

algorithm [103] which is noted to have a high latency. The MFCC features derived using the

STRAIGHT-based spectral analysis were employed for adults’ ASR in [104] and were found to

be inferior to the conventional ones. Later the authors analyzed the cause of the degradation in

a smoothening function used after the pitch-adaptive windowing in the STRAIGHT processing.

On removing that smoothening function, an enhanced recognition performance was obtained

as reported in [109]. Following those studies, we explore the effectiveness of the STRAIGHT-
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based MFFC features in the context of children’s mismatched ASR. Since the pitch-dependent

distortions are severe in those cases, large improvements in the recognition performance are

expected.

6.2 Adaptive-Liftering-based MFCC Features

The need of robust frame-wise pitch estimate makes the STRAIGHT approach less amenable

for applications involving human-machine interaction. The high sensitivity of STRAIGHT ap-

proach to the accuracy of the pitch estimates is already pointed out in [104]. In fact, when the

STRAIGHT-based MFCC features are computed using a global pitch value (i.e., averaged over

all voiced frames in an utterance) rather than the frame-specific pitch values, the corresponding

recognition performance is noted to fall below that obtained for the conventional MFCC fea-

tures. Motivated by these issues, we present an alternate scheme for smoothing the spectrum

exploiting adaptive cepstral liftering. Being based on much simpler premise, it does not require

an accurate frame-wise pitch estimate to be effective.

The steps in the proposed scheme are as follows: First the spectral representation of the

speech signal is obtained using the STFT analysis with fixed duration Hamming window. For

each frame, the log-compressed magnitude spectrum is derived and is transformed to cesptral

domain using an inverse discrete Fourier transform (IDFT). Note that all these processing

steps are essentially equivalent to linear filtering, thus the periodicity of the speech excitation

is retained in the cepstral domain. Now a suitable low-time lifter window is applied and

the liftered cepstrum is transformed back to the spectral domain using the DFT. The block

diagram of the proposed smoothed spectrum derivation approach is shown in Figure 6.1. Given

the smoothed spectrum, the MFCC features are derived following the usual steps outlined in

Appendix A.

The duration of the low-time lifter is chosen based on the average pitch value for the

utterance being analyzed. In this work, a cepstral-domain-based pitch detection algorithm,

outlined in [110], is used for the estimation of the pitch. For checking the consistency, we also

performed the pitch estimation using a few other algorithms, viz. TEMPO [103], RAPT [111]

and WaveSurfer [112]. On comparing, some differences in the frame-specific pitch estimates

were noted among these algorithms, but their average pitch values turned out to be close

enough. Also a liftering window with slanting right-edge is used to avoid ripples in the derived

smoothed spectrum.
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Figure 6.1: Block diagram of the proposed pitch-adaptive liftering approach for spectral smoothing.

6.3 Analyzing the Impact of Pitch-Adaptive Signal Pro-

cessing

In Chapter 4, the effect of pitch-induced acoustic mismatch was analyzed. It was noted that,

due to the pitch-dependent distortions in the case of high-pitched speakers, some ripples in the

spectral envelope appeared particularly in the lower-frequency region of the speech spectrum.

The primary motivation behind employing the pitch-adaptive MFCC features is to smoothen

out the ripples in the envelope of the obtained spectrum. The log-compressed magnitude spectra

obtained by the conventional approach employing static signal processing for two different

vowels are shown in Figure 6.2. The degree of spectral smoothening achieved through the

proposed adaptive-liftering-based approach with variations in the length of the applied lifter

window is also shown in Figure 6.2.

Another way to visualize the degree of spectral smoothening is by transforming the cepstra

back to the spectral domain and plot the same. Figure 6.3 depicts the relative degree of

smoothening obtained through the two explored pitch-adaptive approaches. Compared to the

spectrum corresponding to the conventional/static MFCC features (shown in Figure 4.3), the

ripples in the low frequency region are effectively removed by both the techniques. It is to note

that a much smoother spectrum is obtained by the STRAIGHT-based approach. In the case

of the proposed technique, some ripples are still present in the low frequency regions especially

for the high pitch case, F0 = 300 Hz. This is due to the fact that a lifter of fixed duration

computed globally is applied to all the frames. The change in the variance of the higher-order

coefficients due to the pitch-adaptive analysis is shown in Figure 6.4. Compared to the static
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Figure 6.2: Demonstration of the spectral smoothing effected by the proposed approach. The left
and the right panels show the log-compressed magnitude spectra for a high-pitched (F0 = 300 Hz)
speech frame for the vowels /IY/ and /EY/, respectively, collected from TIMIT. In these panels, the
x-axis denotes the frequency values in Hz.

MFCC features, the mismatch in the variances is reduced significantly. Similar trends are also

noted for the case of children’s test set as shown in Figure 6.5. This reduction in the mismatch

in the variance is expected to improve recognition performances in the mismatched ASR cases.

6.4 Experimental Evaluation

6.4.1 ASR system specifications

For extracting the static MFFC features, a Hamming window of length 25 ms with a frame

shift of 10 ms is employed for speech data analysis. Employing a 21-channel Mel-filterbank, first
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Figure 6.3: The smoothed spectrum obtained using a the two techniques (a) STRAIGHT (b) pro-
posed, are shown for the cases when F0 = 200 Hz and F0 = 300 Hz. In the case of the proposed
approach, the duration of the applied lifter is determined using the average pitch and the optimally
smoothed spectrum is plotted. To make the curves distinguishable, an intentional shift of 2 dB is
added.

12-dimensional MFCC features are computed (C1-C12). The log power is added as the zeroth co-

efficient making the base feature dimension equal to 13 (C0-C12). Two different post-processing

approaches are employed on top of base MFCC features to derive the final feature vectors used

in acoustic modelling. In the first approach, the base MFCC features are augmented with

their first- and second-order temporal derivatives (computed over a span of 5 frames) to yield

39-dimensional feature vectors. These features are referred to as the TYPE-I features. In the

second approach, the base MFCC features are spliced in time considering a context of 4 frames

on either side of the current frame. The dimensionality of the obtained 117-dimensional vector

is reduced to 39 through linear discriminant analysis (LDA) [113]. The resulting low dimen-

sional vector is further decorrelated using maximum likelihood linear transform (MLLT) [114]

(also referred to as global semi-tied covariance (STC) [115]). The latter approach is reported

to yield better recognition performance and the derived features are referred to as the TYPE-II

features.

In the case of the STRAIGHT-based analysis, the pitch estimation is done frame-wise. In
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Figure 6.4: Variance of the base MFCC features (C1-C12) for the vowel /EY/ (top panel) and
/IY/ (bottom panel) for two broad pitch (F0) ranges. Figure also shows the reduction in the variance
mismatch as a result of the pitch harmonic smoothening achieved by the proposed and the STRAIGHT
based approach.
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Figure 6.5: Variance of the base MFCC features (C1-C12) for the vowel /IY/ for the children’s data.
Note the decrease in variance due the spectral smoothening achieved by the pitch-adaptive approaches.

the default STRAIGHT analysis, it is recommended to use a frame length of 80 ms and a

frame shift of 1 ms. This would lead to very high latency as well as the frame rate would differ

from that used for the proposed adaptive-liftering-based approach. Therefore, we have kept a

frame length of 25 ms along with a frame shift of 10 ms for the STRAIGHT-based and the

adaptive-liftering-based MFCC feature computation. For the conventional as well the proposed

pitch-adaptive MFCC feature extraction, the VOICEBOX [116] (a MATLAB toolbox), is used

making appropriate modifications when needed. Time-splicing followed by LDA and MLLT

(TYPE-II) is explored in the case of pitch-adaptive features as well. The ASR system employed

in the studies reported in this chapter is developed using the Kaldi toolkit [10,117]. The other

details of the employed experimental setup remain the same as given in Section 3.3.

6.4.2 Evaluation results

The word error rates for the two kinds of static features (TYPE-I & II) are given in Table 6.1.

It is to note that the WER obtained for the static TYPE-I features is quite similar to those

reported in the previous chapters. This shows that the features extracted using the HTK and

the MATLAB toolboxes have resulted in very similar recognition performances. Moreover,

the effect of employing the Kaldi and the HTK toolkits in developing the ASR system is also

noted to be minimal. The WERs for the pitch-adaptive features explored in this work are

also given in Table 6.1. Separate ASR systems are trained using the three kinds of the MFCC

features. The evaluation of the mismatch recognition performance for a particular kind of

MFCC features is done on an ASR system developed using the matching feature kind. The
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Table 6.1: The WERs for the three explored feature extraction approaches with respect to the ASR
systems trained using the adults’ speech. The two discussed post-processing approaches are applied
to the base MFCC features and the WERs are given for both the cases.

MFCC kind
WER (in %)

Type-I Type-II

Default (Static) 64.13 62.55

STRAIGHT-based 55.24 52.34

Adaptive-liftering-based 54.06 50.78

Table 6.2: The WERs on adults’ matched (CAMts) and children’s mismatched (PFts) test sets
for the explored variants of MFCC features with respect to GMM-HMM- based ASR systems trained
using the adults’ speech data.

MFCC kind
WER (in %)

CAMts PFts

Default (Static) 12.15 62.55

STRAIGHT-based 11.21 52.34

Adaptive-liftering-based 10.97 50.78

use of the TYPE-II features results in a slight improvement in the recognition performance.

Consequently, the TYPE-II post-processing is followed in the remaining of this thesis and is

referred to the conventional/static features. The use of pitch-adaptive MFCC features results

in much better recognition performances than that of the static features. Furthermore, both

the explored pitch-adaptive approaches result in quite similar recognition performances. The

effectiveness of using the pitch-adaptive MFCC features (TYPE-II) in the matched as well as

the mismatched cases are given in Table 6.2. Note that both the pitch-adaptive approaches

result in similar recognition performances in the matched case as well.

6.5 Combining with Existing Mismatch Reduction Tech-

niques

The effect of combining some of the existing techniques like the VTLN, the fMLLR and

the low-rank feature projection (presented in the previous chapter) with the proposed pitch-

adaptive features is evaluated in the following subsections.
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Table 6.3: The WERs for the conventional/static and the pitch-adaptive feature extraction ap-
proaches in combination with the VTLN- and the fMLLR-based feature normalization. It is to note
that the 95% confidence intervals for the performance with respect to the fMLLR and the VTLN
included baselines are ±1.37 and ±1.30, respectively. Hence, the observed improvements in the recog-
nition performances are statistically significant.

MFCC kind
WER (in %)

VTLN fMLLR

Default (Static) 35.06 43.53

Adaptive-liftering-based 27.62 35.83

6.5.1 Vocal tract length normalization

In the previous chapters it was noted that the VTLN was quite powerful in the case of

the children’s mismatched ASR. In order to implement VTLN, the spectrally warped MFCC

features corresponding to different values of the linear warp factors are derived. Again, the warp

factor values chosen in this work lie in the range of 0.88-1.12 in steps of 0.02. The ML grid

search is performed to choose the optimal warp factor value for a test utterance. Optimally

warped spectral features are then decoded with respect to the baseline system to generate

an enhanced hypothesis. The effect of applying the VTLN-based frequency warping on the

default and the proposed cepstral features is given in Table 6.3. Significant improvements in

the WERs are achieved when spectral warping is performed on both the static as well as the

pitch-adaptive MFCC features. Moreover, the overall WERs still happen to be better in the

case of the pitch-adaptive cepstral features.

6.5.2 Feature-space maximum likelihood linear regression

Another feature normalization approach reported is the feature-space MLLR (fMLLR) or

the CMLLR. In order to implement the fMLLR, the required transform is estimated using the

SI system applying speaker adaptive training (SAT) [51, 118]. The derived fMLLR transform

consists of 39×40 parameters. During testing, a fMLLR transform is estimated for the given test

utterance and then applied in decoding. The WERs for this study are also given in Table 6.3.

Though the fMLLR-based feature normalization is also noted to be effective similar to the

VTLN, but the computational cost of the former happens to be much higher than that noted

for the later.
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Figure 6.6: Recognition performances for the SW-based projection applied to the proposed pitch-
adaptive cepstral features with and without feature normalization.

6.5.3 Structured low-rank feature projection

The SW-based projection is employed to the default as well as the proposed pitch-adaptive

cepstral features along with the earlier discussed feature normalization techniques. The WER-

profiles with varying ranks of the projection matrix are shown in Fig 6.6. Since the 95%

confidence intervals for the performance with respect to the fMLLR and the VTLN included

baselines are ±1.37 and ±1.30, respectively, the observed changes are statistically significant.

It is quite evident that employing the SW on the proposed features leads to better recognition

performances. Further, a lesser suppression of the higher dimensions is required since the pitch-

dependent distortions have been significantly suppressed during the feature extraction phase

itself.

6.6 Summary

In this chapter, the role of pitch-adaptive feature extraction processes in the context of

children’s mismatched ASR has been explored. In this regards, the existing STRAIGHT-based

pitch-adaptive signal processing is employed during speech parameterization. Furthermore, we

have also presented a simple pitch-adaptive scheme for feature extraction. The proposed ap-

proach happens to be less sensitive to errors in the estimation of the pitch than the STRAIGHT.

The pitch-adaptive feature computation approaches tend to smoothen out the pitch-dependent

distortion thus reducing the aforementioned variance mismatch. The same has been verified
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experimentally in this chapter.

All the experimental studies presented this far involved the GMM-HMM-based ASR sys-

tems. In the last few years there has been a paradigm shift in the speech recognition research.

The GMMs are now being replaced by the DNNs. Consequently, we have explored the ef-

fectiveness of the approaches proposed in Chapters 5 and 6 on DNN-based ASR systems in

Chapter 7. We also explore another acoustic modelling technique based on the SGMM for the

sake of completeness. The ASR systems employing the SGMM-based acoustic modelling are

generally reported to be better than those based on the GMM.
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Recently developed acoustic modelling techniques based on the subspace Gaussian mixture

model (SGMM) and the deep neural network (DNN) have been reported to achieve significant

improvements in the matched case recognition performance over the conventional GMM-based

modelling. Motivated by that, in this chapter, we explore those acoustic modelling techniques in

the context of the children’s mismatched ASR. To the best of our knowledge, only a few works

on children’s ASR employing DNN-based acoustic modelling have been reported [119–121].

Further, the proposed low-rank feature projection and pitch-adaptive cepstral features are also

explored in the context of those modelling approaches.

The remaining of this chapter is organized as follows: In Section 7.1, the details of the setup

employed in the development of the SGMM- and the DNN-based ASR systems are discussed. A

discussion on the baseline recognition performances for the developed systems in the context of

children’s mismatched ASR task is presented in Section 7.2. In Section 7.3, we study the effect

of employing the low-rank feature projection in the case of SGMM- and DNN-based systems.

Next, the role of adaptive-liftering-based acoustic features is studied in Section 7.4. Finally,

the chapter is concluded in Section 7.5.

7.1 Experimental Setup

In this section, we first provide the details of the employed experimental setup. Since the

used speech corpora are the same as that in the earlier chapters, only the new inclusions are

being discussed. The adults’ speech trained GMM-, SGMM- and DNN-based ASR systems

employed for experimental evaluation are developed using the Kaldi toolkit [10, 117]. For all

the explored acoustic modelling approaches, the 39-dimensional TYPE-II static features are

employed. In order to further improve the recognition performance, the default features are

normalized using fMLLR as proposed in [122]. The required fMLLR transform is estimated

using the GMM-HMM-based system applying speaker adaptive training (SAT). The said nor-

malization is applied to both training and test features.

For the GMM-HMM system development, the cross-word tri-phone acoustic model training

along with the decision tree-based state tying is employed for the same. Each context-dependent

triphone (senone) is modeled using a 3-states HMM with 8 diagonal covariance Gaussian com-

ponents per state. The number of senones in the GMM-HMM-based system is kept as 2000. For

the SGMM training, the number of Gaussians used in the training of the universal background

model (UBM) is selected as 400. The number of leaves and Gaussians in the SGMM are chosen

to be 9000 and 7000, respectively. In our experimental setup, the subspace dimension is kept
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same as the feature dimension in the SGMM-based training (may refer to Appendix B.2 for

details). These parameters are found to be suitable for the matched case testing. In the case of

GMM-HMM as well as the SGMM-HMM, separate ASR systems are trained using the default

(unnormalized TYPE-II) and the normalized features.

In the case of DNN-HMM-based system, the nonlinearities in the hidden layers is the tanh

function. The employed objective function is the cross-entropy criterion, i.e., the log-probability

of the correct class for each of the frames. An initial learning rate of 0.015 is selected which is

reduced to 0.002 in 20 epochs. Extra 10 epochs are employed after reducing the learning rate

to 0.002. In Kaldi, a preconditioned form of stochastic gradient descent is employed during the

DNN training. In this approach, instead of using a scalar learning rate, a matrix-valued learning

rate is used. This is motivated by the basic idea to reduce the learning rate in dimensions where

the derivatives have a high variance. This approach, in turn, is to control instability and stop

the parameters moving too fast in any one direction. The minibatch size for neural net training

is selected as 512. The number of hidden layers is varied from 2 to 8 and finally fixed at 8.

In Section 7.3.1, we present a brief discussion on the effect of varying the number of hidden

layers in the context children’s mismatched ASR. The output layer is a soft-max layer and the

outputs represent the log-posterior probability of the output labels corresponding to context-

dependent HMM states. Separate DNNs are learned on the default (unnormalized TYPE-II)

and the fMLLR-normalized features. For the default-feature-based DNN training, the decision

tree and the state alignments required as the supervision are obtained from the corresponding

GMM-HMM system. In the case of fMLLR-based DNN, a revised GMM-HMM system with

same complexity is developed using the normalized features. The decision tree and the state

alignments are obtained from the revised system.

7.2 Baseline System Evaluation

The recognition performances of the baseline ASR systems developed using the three kinds

of acoustic modelling techniques with respect to the two earlier mentioned test sets are given

in Table 7.1. For both the test sets, the SGMM- and the DNN-based acoustic modellings

are found to be superior to the GMM-based one as expected. Further, both the SGMM- and

the DNN-based systems exhibit a large degradation in the mismatched testing case similar to

that noted for the GMM-based one. It is to be noted that the WERs are being given for the

fMLLR-normalized features as those are reported to be much superior to the default features

in the case of matched ASR. Since the focus of this work is on children’s mismatched ASR, we
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Table 7.1: The WERs for adults’ speech trained SI system under acoustically matched and mis-
matched test conditions with different acoustic modelling approaches. All the reported performances
include LDA, MLLT and fMLLR-based transformations being applied to features. The 95% confi-
dence intervals for the performance (PFts) with respect to the fMLLR included baselines for GMM-,
SGMM- and DNN-based systems are ±1.37, ±1.28 and ±1.20, respectively.

Speech data Acoustic WER (in %) % Relative difference

used for SI modelling Matched Mismatched w.r.t.

system training approach (CAMts) (PFts) mismatched

CAMtr

GMM-HMM 8.13 43.53 81

SGMM-HMM 6.81 31.96 79

DNN-HMM 6.20 24.25 73

Table 7.2: The WERs for the children’s test on ASR systems employing different kinds of acoustic
models with and without the fMLLR/VTLN. Note that the 95% confidence intervals for the per-
formance (PFts) with respect to the VTLN included baselines for GMM-, SGMM- and DNN-based
systems are ±1.30, ±1.21 and ±1.21, respectively.

Speech data used for Acoustic model WER (in %)

SI system training kind Default fMLLR VTLN

CAMtr

GMM-HMM 62.55 43.53 35.06

SGMM-HMM 54.43 31.96 26.12

DNN-HMM 43.32 24.25 23.57

will be discussing the effect of normalization in detail in the following subsection.

7.2.1 Inclusion of feature-space normalization

In the previous chapters, it has been shown that the recognition performance of the chil-

dren’s mismatched ASR can be improved significantly by the use of VTLN-based frequency

warping. In order to study the effect of VTLN in the SGMM/DNN domain, we explored

frequency warping during the mismatch testing. All three (GMM, SGMM, and DNN) sys-

tems are developed using the default features (unnormalized TYPE-II) for this study. For the

children’s test set, the default features are warped prior to decoding to quantify the effect of

the VTLN. The WERs for those experiments are given in Table 7.2. For better contrast, the

fMLLR-normalized features are also explored. The correspondingly trained GMM-, SGMM-

and DNN-based systems are employed for this study and the WERs are also given in Table 7.2.

It can be noted that both the fMLLR and the VTLN are very effective in the mismatched
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Figure 7.1: The WER profiles with variations in the rank of feature projection matrix for the
three acoustic modelling approaches namely GMM, SGMM and DNN. Also shown are the effects of
normalizing the time-spliced base MFCC features using either the fMLLR or the VTLN.

testing case. In our experiments, the optimal VTLN-based warping is implemented using a

low-complexity ML grid search. On the other hand, the fMLLR-based normalization requires

the estimation of 39× 40 parameters, thus involving much higher computational cost.

7.3 Revisiting Low-Rank Feature Projection

From the studies presented in the previous sections, it can be concluded that both SGMM-

and DNN-based ASR systems are more effective than GMM one even in the context of mis-

matched task. Normalization techniques lead to further reductions in the WERs in all the

three cases. The relative differences in the mismatched and the matched case recognition

performances are given in the last column of Table 7.1. It can be noted that, even after nor-

malization, there is still a huge gap between the recognition performances for the adult and the

child speakers. Consequently, for improving the recognition performance of children’s speech

on the SGMM- and the DNN-based systems, we have also explored low-rank feature projection.

The architecture of these two acoustic modelling approaches is not the same as the GMM-based

system. Therefore, the procedure outlined in Chapter 5 cannot be used as it is. An alternate

means to do the same is to project the training speech features to a lower dimensional subspace

before learning the acoustic models. For this purpose, the rank of the LDA projection matrix

employed on the time-spliced base MFCC features is reduced. The acoustic models are then

trained using those reduced dimensional features.
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Table 7.3: Percentage relative improvement (PRI) in the recognition performances obtained through
the use of low-rank feature projection. the WERs are reported for the three acoustic modelling
approaches explored. Also shown are the WERs for the cases when the fMLLR/VTLN is applied
for feature normalization. Note that the 95% confidence intervals for the performance (PFts) with
respect to the VTLN+fMLLR included baselines for GMM-, SGMM- and DNN-based systems are
±1.20, ±1.10 and ±1.03, respectively.

Acoustic WER (in %)

modelling No normalization VTLN fMLLR VTLN + fMLLR

approach Def. SW PRI Def. SW PRI Def. SW PRI Def. SW PRI

GMM 62.55 45.59 27.11 35.06 26.04 25.73 43.53 31.96 26.56 25.82 18.62 27.89

SGMM 54.43 41.01 24.66 26.12 23.06 11.72 31.89 25.33 20.57 19.76 17.22 12.86

DNN 43.32 39.07 9.81 23.57 21.40 9.21 24.25 21.44 11.58 17.00 15.40 10.58

The effect of the low-rank feature projection on children’s mismatched ASR can be accessed

by the WER profiles for the earlier discussed modelling approaches shown in Figure 7.1. The

WER profiles are shown with and without the fMLLR being included in training and testing.

The fMLLR-based normalization is found to result in additive reductions in WERs. The WER-

profiles for the case when the VTLN is employed instead of the fMLLR are also shown for all

three modelling cases. This is for assessing the relative advantage of the VTLN/fMLLR for the

children’s mismatch ASR. Both the fMLLR and the VTLN are observed to result in additive

reductions in WERs when combined with SW, i.e., the low-rank projection. For highlighting the

relative reduction in WERs for the different modelling approaches, the best case performances

with low-rank projection are given in Table 7.3. It is clearly evident that the the low-rank

feature projection results in significant improvements in the recognition performances in all the

explored combinations. Moreover, it is to note that the combination of the fMLLR with the

VTLN leads to further reductions in the WERs. But this reduction is achieved at an increased

computational cost.

7.3.1 Effect of varying the number of hidden layers in DNN

For the matched testing case, a relative reduction of 22% in WER over the GMM-HMM

system was obtained with the DNN-based acoustic modelling. Most of the earlier works had

reported similar trends in the matched testing case. Varying the number of hidden layers did

not result in much changes in the matched case recognition performance may be because the

amount of training data was moderate. Consequently, we were confident that the developed
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Figure 7.2: The WER profile with variations in the rank of feature projection matrix with respect
to the DNN-HMM systems involving 2, 5 and 8 hidden layers, respectively. Also shown are the effects
of normalizing the time-spliced base MFCC features using either the fMLLR or the VTLN.

DNN-HMM system involving 8 hidden layers was good enough and proceeded with our study

in the mismatched case.

In the studies presented in Section 7.3, the VTLN was observed to be quite effective. On

the contrary, the VTLN was found to be largely ineffective in the case of DNN-HMM systems

with large number of hidden layers (7+) as reported in [123]. According to that study, the

VTLN is found to be effective in the case of shallow networks only. Again, the experiments

reported in that work are for the matched case testing only. Thus, it would be worth confirming

whether the same trend holds in the case of mismatched testing explored in this work or not.

Consequently, we varied the number of hidden layers for the mismatched testing going from

shallow to deep networks. At the same time, the low-rank projection of the data was also

explored in each of the cases.

The effect of projecting the data to a lower dimensional subspace on the three different

complexity DNN-HMM systems is shown in Figure 7.2. The WER profiles are shown for the

cases when the number of hidden layers is 2, 5 and 8 only to avoid overcrowding of the plots.

Also shown are the WER profiles when the acoustic features are normalized using the fMLLR

as well as the VTLN. It is interesting to note that the effect of varying the number of hidden

layers is much more pronounced when no feature normalization is included. Moreover, the

effectiveness of VTLN remains intact in all the studied cases. Moreover, the WERs obtained

through the use of fMLLR and VTLN turn out be quite similar in all the cases. In addition to

that, the low-rank feature projection is observed to result in further reductions in WERs for
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Figure 7.3: The WER profile with variations in the rank of feature projection matrix for the DNN-
HMM system with respect to the PLP features. The reported WERs include VTLN-based warping
of the test data.

the studied cases.

7.3.2 Experiments with PLP features

The use of perceptual linear predictive (PLP) features has been successfully explored in the

conventional ASR systems [123]. As shown in Chapter 5, the low-rank projection was found

to be effective in the case of PLP features as well. In this subsection, we explore the use of

PLP features in the context of DNN system along with low-rank feature projection. The WER

profile for this study on a DNN-HMM system is shown in Figure 7.3. The plotted WER profiles

include the VTLN-based frequency warping of the test data. It is evident from the presented

WERs that the use of low-rank projection is similarly effective for the PLP features as noted

for the MFCC features in the context of DNN-based system.

7.4 Role of Pitch-Adaptive Cepstral Features

In the previous chapter, the pitch-adaptive MFCC features were shown to be quite effective

for the children’s mismatched ASR. In the following we revisit the same and study the effect of

pitch-adaptive signal processing in the context of SGMM- and DNN-based ASR systems. This

is followed by a study on the effect of feature normalization and low-rank projection on the

pitch-adaptive MFCC features in the context of SGMM- and DNN-based systems.
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Table 7.4: The WERs for the static and the pitch-adaptive MFCC feature extraction approaches
explored in this work. The WERs are enlisted for the mismatched testing with respect to the ASR
systems employing the GMM-, the SGMM- and the DNN-based acoustic modelling.

Feature kind
WER (in %)

GMM SGMM DNN

Default (Static) 62.55 54.43 43.32

STRAIGHT-based 52.34 49.36 39.32

Adaptive-liftering-based 50.78 48.35 39.30

The recognition performances for the three kinds of MFCC features explored in this work

are given in Table 7.4. Separate ASR systems are trained for each of the three kinds of MFCC

features. The default features computed using time-splicing followed by LDA and MLLT are

employed in training and testing. Static features refer to the case of using the conventional

non-adaptive approach of computing the cepstral coefficients. It is to note that the recognition

performance obtained by using the static MFCC features is quite poor compared to the pitch-

adaptive approaches. Further, pitch-adaptive features are effective even in the case of SGMM-

and DNN-based ASR systems.

As discussed earlier, the feature normalization techniques are quite effective in the case

of children’s mismatched ASR task. Moreover, these techniques are found to be resulting in

additive reduction in the WERs as shown in Figure 7.1. Consequently, we re-explored the effect

of the fMMLR and the VTLN on the pitch-adaptive features in the context of the SGMM- and

the DNN-based systems. The WERs obtained using the static features as well as the proposed

pitch-adaptive MFCC features are given in Table 7.5. Also enlisted are the relative reductions

in WERs due to the improved feature extraction technique. Large reductions are noted in the

case of the GMM-based system for proposed pitch-adaptive features. On the other hand, for

the SGM- and DNN-based systems, though the reductions are somewhat lesser, the changes

are quite significant. Furthermore, the fMLLR and the VTLN lead to further reduction in the

WERs in all the studied cases.

In Section 7.3, the effect of low rank feature projections on the static features was presented.

We also performed a similar study on the proposed pitch-adaptive features. The WERs for this

study are given in Table 7.6. In the table, static and adaptive refer to the cases of employing

the conventional and the pitch-adaptive approaches for computing the base MFCC features,

respectively. The 39-dimensional features obtained by the time-splicing of the base MFCC
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Table 7.5: Relative improvements in recognition performances obtained through the use of the
proposed pitch-adaptive MFCC features. The WERs are reported for the three acoustic modelling
approaches explored along with the feature normalization using the fMLLR/VTLN.

Acoustic WER (in %)

modelling No normalization VTLN fMLLR

approach Static Prop. PRI Static Prop. PRI Static Prop. PRI

GMM 62.55 50.78 19 35.06 27.62 21 43.53 35.83 18

SGMM 54.43 48.35 11 26.12 24.57 6 31.89 27.88 13

DNN 43.32 39.32 9 23.57 21.43 9 24.25 22.33 8

Table 7.6: Relative reductions in the WERs obtained through low-rank projection employed on the
static as well as the proposed pitch-adaptive cepstral features. The WERs are being given for the three
acoustic modelling approaches explored. Also given are the WERs for the cases when the fMLLR- or
the VTLN-based normalization is applied along with the SW.

Acoustic Employed WER (in %)

modelling feature No normalization VTLN fMLLR

approach kind Def. SW. PRI Def. SW PRI Def. SW PRI

GMM
Static 62.55 45.59 27 35.06 26.04 26 43.53 31.96 26

Adaptive 50.78 44.90 12 27.62 24.17 12 35.83 29.83 17

SGMM
Static 54.43 41.01 24 26.12 23.06 12 31.89 25.33 20

Adaptive 48.35 40.65 16 25.57 23.26 9 27.88 25.75 8

DNN
Static 43.32 39.07 10 23.57 21.40 9 24.25 21.44 11

Adaptive 39.32 36.22 8 21.43 20.07 6 22.33 20.31 9

features followed by LDA and MLLT are being referred to as the default in Table 7.6. From the

reported performances, it can be noted that the low-rank projection approach (SW) is effective

even in the case of the adaptive features. The relative reductions in the WERs due to the

feature projection turn out to be smaller in the case of adaptive features in comparison to the

static case. Similar trends are noted for all the three acoustic modelling techniques. This hints

that there has been a saturation in performance to a certain extent.

To further build our confidence in the trends noted so far, we repeated the experimental

evaluations for the mismatched ASR on wideband speech data, i.e., sampled at 16 kHz rate.

The WERs for this study are given in Table 7.7. The obtained WERs are found to be consistent
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Table 7.7: Relative improvements in the recognition performances obtained through the proposed
adaptive-liftering-based MFCC features in combination with existing speaker normalization tech-
niques. These evaluations are done separately in the context of the three different acoustic models
trained on the speech data sampled at 16 kHz rate.

Acoustic WER (in %)

modelling VTLN fMLLR

approach Static Adaptive PRI Static Adaptive PRI

GMM 28.57 24.15 15 35.08 29.54 16

SGMM 25.80 23.10 10 24.72 22.21 10

DNN 21.76 19.83 9 20.38 18.14 10

with those obtained in the case of narrowband speech data.

7.4.1 Adaptive-liftering-based Mel-filterbank features

Some of the recent works have shown that the use of log-compressed energies at the output

of Mel-filterbank as features in the case of DNNs outperform the MFCC features [6, 124, 125].

Motivated by those works, we trained a DNN-HMM system using the filterbank features as

well. The number of filterbank coefficients is chosen to be 40 as suggested in [6]. The WERs

for this study are given in Table 7.8. For contrast, the WERs are also given for the wideband

speech case. Moreover, the WERs obtained by using PLP features are also enlisted. It is to note

that the use of the filterbank features did not result in significant changes in the recognition

performances.

The filterbank features are derived by following the same procedure as that for the MFCCs

except that the DCT is avoided in the case of the former. Consequently, the aforementioned

pitch-induced distortions affect the filterbank features as well. Motivated by this, we applied

the adaptive-liftering approach to derive the filterbank features. The block diagram depicting

the approach for extracting adaptive-liftering-based filterbank features is shown in Figure 7.4.

A study on the effect of spectral smoothening through pitch-adaptive liftering in the case

of MFCC features is already reported in Section 6.3. It is expected that the variances of the

filterbank features would be affected similarly. But, it would be better to validate the same.

For this purpose, a study was performed on the same vowel data that has been described

in Section 4.1. Figure 7.5 shows the variances for the 23-dimensional Mel-filterbank features

with and without adaptive-liftering-based spectral smoothing being applied for two broad pitch
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Table 7.8: Recognition performances obtained through the default MFCC features and the proposed
adaptive-liftering-based acoustic features on the DNN-HMM system along with fMLLR-based speaker
normalization. The WERs are also given for the case when the log Mel-filterbank energies (Fbank)
are used as features along with fMLLR in the training of the DNN-HMM system. The recognition
performances are listed for the cases of speech data being sampled at 8 kHz and 16 kHz rates.

Acoustic Data used WER (in %)

model for SI system Static Adaptive

kind training MFCC Fbank PLP MFCC Fbank

SGMM
Narrowband 31.89 28.56 30.26 27.88 26.44

Wideband 23.94 24.54 24.28 21.79 21.36

DNN
Narrowband 24.25 23.90 24.00 22.33 22.18

Wideband 20.38 19.82 20.10 18.14 18.27

windowing

Input
speech

DFT
Log−

magnitude

average pitch
Computing Choose lifter

Low−time
lifteringIDFT DFT

Framing and

Mel−filterbank

window length Fbank features

Figure 7.4: Block diagram depicting the procedure for extracting the adaptive-liftering-based filter-
bank (Fbank) features.

groups. The reduction in the variance mismatch between the low- and high-pitched groups,

in particular for the lower index filters, is very much evident from the figure. This reduction

in variance mismatch is expected to enhance the recognition performance as noted in the

case MFCC features. The WERs obtained by the use of adaptive-liftering based pitch-robust

features are also given in Table 7.8. It is to note that, for the children’s mismatched ASR, the

use of the proposed pitch-adaptive features is found to be significantly better than using the

static filterbank features.

The filterbank features happen to be highly correlated. Consequently, the development

of the GMM-based system using the filterbank features will require the use of full covariance
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Figure 7.5: Variance of the log-compressed Mel-scaled filterbank features for the vowel /IY/ for two
broad pitch (F0) ranges. Figure also shows the reduction in the variance mismatch as a result of the
pitch harmonic smoothening achieved by the proposed approach.

matrices in modelling. This would lead to substantial increase in the complexity. In the

case of the SGMM-based acoustic models, on the other hand, the HMM states are modeled

using shared full covariance matrices. Therefore, we explored the role filterbank features in

the context of the SGMM-based mismatched ASR task. The static as well as the adaptive-

liftering-based filterbank features are employed for this study and the corresponding WERs are

given Table 7.8. Its quite evident from the enlisted WERs that the use of proposed filterbank

is effective even in the case of SGMM-based ASR system.

121TH-1509_10610209



7. Exploring Pitch Compensation in SGMM and DNN Domains

7.5 Summary

In this chapter, we have explored the recently developed SGMM- and DNN-based acoustic

modelling techniques in the context of children’s mismatched ASR task. Severe degradations in

the recognition performances are noted even with the use of these acoustic modelling techniques.

Consequently, we explored the low-rank feature and the pitch-adaptive MFCC features for

enhancing the mismatched system performance. Both the techniques are found to be highly

effective for the mismatched ASR task. For the sake of completeness, we have included a study

on the wideband band speech as well. In addition to that we explored the effectiveness of

the Mel-scaled log filterbank features in the context of SGMM- and DNN-based systems. To

address the issue of insufficient spectral smoothening, filterbank features are derived using the

adaptive-liftering approach as well. The use of pitch-adaptive filterbank is found to be superior

to that of the static case.
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8. Conclusions and Future Directions

8.1 Summary and Conclusions

The work presented in this thesis explores some of the challenges in recognizing children’s

speech on ASR systems trained using data from adult speakers. A severely degraded recogni-

tion performance is generally observed in such tasks due to the gross mismatch in the acoustic

attributes between the two groups of speakers. Improving the recognition of children’s speech

in acoustically mismatched conditions is quite desirable since there are a number of ASR appli-

cations which are accessed by both adults and children. One of the ways to achieve good ASR

performance for both adults and children is to pool a large amount of data from both group of

speakers in training of the system [121]. There is a scarcity of publicly available speech corpus

from child speakers. Pooling a limited amount of adults’ data with children’s training set was

not found to be very effective in the case of GMM-HMM-based ASR systems [126]. In contrast,

subtle improvements were observed for the DNN-HMM-based system in that work. In our

exploration, it was observed that adding a small amount of children’s data to adults’ training

set degraded the recognition performance for the adult speakers, even though a significant im-

provement was noted for the children’s speech. Consequently, the attempts made in this thesis

explore the possibility of achieving improved recognition performance for the children from an

ASR system without affecting the same for the adults.

In order to enhance the performance of a children’s mismatched ASR, we have explored

some of the existing adaptation/normalization techniques in the beginning of the thesis. Even

though the explored approaches are found to be very effective, yet a large gap remains between

the adults’ matched and children’s mismatched testing cases. Motivated by that, we have

attempted to develop techniques that specifically target the issues in the children’s mismatched

ASR case. Among the various sources of mismatch identified in literature, the differences in

the vocal tract dimensions and the pitch are shown to be the most dominant ones. The VTLN-

based frequency warping is already known to be very effective in mitigating the ill-effects of

the differences in the vocal tract dimensions. Therefore, the techniques that target the pitch

variation across speakers are developed in this thesis. The proposed techniques are found to

give additive gains when combined with the VTLN. Further, we have tried to reduce the latency

in implementation of the developed adaptation approaches as low as possible. This makes the

proposed techniques suitable for those ASR tasks that involve human-machine interactions.

The developed techniques are observed to be very effective not only in the case of GMM-HMM-

based ASR systems but also in the case of SGMM- and DNN-based systems.
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8.1 Summary and Conclusions

The conclusions drawn from the analyses and the results of the experimental studies pre-

sented in the thesis are summarized in the following:

In Chapter 3, the effectiveness of existing model-interpolation-based fast adaptation tech-

niques for improving the recognition performance of children’s mismatched ASR is explored.

In this regard, a novel model-space-based fast adaptation approach is also presented for adapt-

ing the mean parameters of the GMM-HMM-based SI system. The proposed fast adaptation

approach exploits the sparse representation of test mean supervector over the exemplar and

learned speaker dictionaries for deriving the Gaussian mean parameters of the adapted model.

Furthermore, the challenges faced in linking the sparse coding process with the model interpo-

lation have been highlighted. The developed fast adaptation technique is found to be effective

not only for the children’s mismatched case but also for the adults’ match case. In addition

to that, the proposed adaptation approach is observed to reduce the computational cost sig-

nificantly in comparison to the existing techniques. For the children’s mismatched case, the

combination of VTLN and the proposed approach results in a relative reduction in WER by

20% over the VTLN included baseline.

As already stated, a large difference remains between the adults’ matched and children’s

mismatched testing cases despite the use of adaptation as well as normalization techniques.

From the earlier reported works on children’s mismatched ASR, the observed degradation is

mainly attributed to the differences in the dimensions of the vocal organs and the pitch of the

two groups of speakers. The use of VTLN largely addresses the ill-effects of the differences in

the vocal tract dimensions as already reported in literature. Even after the inclusion of VTLN,

the observed WERs for the children’s mismatched ASR are noted to be much poorer. This

motivated us to explore the role of pitch-induced distortions during the extraction of front-end

acoustic features and their subsequent effects on the trained acoustic models.

In Chapter 4, we analyze why the pitch-induced distortions appear during the MFCC fea-

ture extraction process. A detailed discussion from the perspective of signal processing is

presented. The analysis performed on several vowels reveals that the pitch harmonics do not

get sufficiently smoothed by the filterbank in the case of high-pitched child speakers. Thus

leading to increase in the variances of the MFCC feature coefficients in contrast to those for the

low-pitched adult speakers. This accounts for the poor likelihoods obtained for the children’s

test speech with respect to the acoustic models trained on adults’ speech. Consequently, the

recognition performances for children’s mismatched ASR turn out to be highly degraded as

noted in Chapter 3.
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Following the analysis, in order to address the mismatch in the variances of the acoustic

features due to differences in the pitch, a structured low-rank feature-projection-based fast

adaptation approach is presented in Chapter 5. The developed technique intends to map

the training as well as the test data to a lower dimensional subspace such that the variance

mismatch is effectively reduced. From the analysis as well as the experimental evaluations

presented in this chapter, it may be concluded that any dimensionality reduction technique that

is essentially based on the variance of the data, can be used for deriving the low-rank feature

projections. Two different dimensionality reduction techniques, viz. HLDA and PCA have

been explored in this thesis to substantiate this claim. Both HLDA and PCA are observed to

highly effective in mitigating the ill-effects of pitch-induced distortions. The same is validated

experimentally in this chapter and is noted to significantly reduce the WERs. Further, we

have also shown that employing a constrained block-diagonal structure is more effective than

learning full HLDA/PCA transforms. The introduced constrained block-diagonal structure not

only improves the recognition performance but also reduces the computational cost involved in

deriving the low-rank feature projections. In addition to that, the low-rank feature projection is

effectively combined with various model-space adaptation as well as feature-space normalization

techniques to achieve added gains in the recognition performance. A relative reduction of

35% in WER over the baseline is obtained with the low-rank feature projection. An added

relative reduction of 14% is achieved when the proposed fast-adaptation approach is included.

Projecting the trained model parameters as well as the test data to a lower dimensional subspace

is found to be effective in the case of PLPCC features also. A relative reduction of 35% in WER

over the baseline is observed in the case of PLPCC features as well.

The widely used MFCC feature extraction process involves static signal processing which

leads to the appearance of pitch-induced distortions as discussed in Chapter 4. Consequently,

we have explored the role of pitch-adaptive signal processing in the extraction of MFCC features

in Chapter 6. In this regard, a simple technique based on pitch-adaptive liftering is proposed.

The use of pitch-adaptive MFCCs is noted to be superior to that of the static MFCCs in terms of

recognition performance. Further, we have also compared the pitch-adaptive features with other

existing acoustic feature extraction process (like PLPCC) to gauge their relative effective in the

case of mismatched ASR task. We have also explored the effectiveness of combining the existing

feature normalization techniques and the low-rank feature projection with the pitch-adaptive

MFCCs. When combined with fMLLR/VTLN-based normalization, a relative reduction of

18%/21% in WER over the static MFCC case is noted. A further relative reduction of 12% is
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obtained when pitch-adaptive features are projected to a lower dimensional subspace. At the

same time, the use of proposed acoustic features does not degrade the recognition performance

in the case of adults’ matched ASR task.

Finally, the effectiveness of low-rank projection of proposed pitch-adaptive MFCCs is also

explored on ASR systems employing the SGMM- and the DNN-based acoustic modeling in

Chapter 7. Like the GMM-HMM case, ASR systems are developed for the adult speakers

employing SGMM- and DNN-based acoustic modelling, respectively. This is followed by in-

corporating the earlier developed techniques for improving the recognition performance for

the child speakers. Both the explored approaches, viz. the low-rank feature projection and

the pitch-adaptive MFCC features are found to be effective even in the case of SGMM/DNN-

based ASR systems. The combination of the two yields a relative reduction of 9%/6% for

the SGMM/DNN-based system over their respective baselines. In addition to that, Mel-scaled

filterbank feature derived using the proposed pitch-adaptive spectral smoothening approach is

also explored in the context of SGMM- and DNN-based systems. The pitch-adaptive filterbank

features are noted to be superior to the static ones.

It is to note that, even though the use of DNN-based acoustic modelling has been extensively

explored for adults’ matched ASR tasks, not much work has been done in the mismatched

case. As mentioned earlier, only a few works on children’s ASR employing DNN-based acoustic

modelling have been reported [119–121]. From the studies reported in this chapter, the following

conclusions can be drawn:

• Though SGMM/DNN-based systems are superior to the GMM ones, the ill-effects of

pitch-dependent distortions are still evident in the case of mismatched ASR;

• The proposed approaches are found to be effective even in the case of SGMM- and DNN-

based children’s mismatched ASR systems;

• Unlike the adults’ matched task, the VTLN is as effective as the fMLLR;

• The VTLN can be cascaded with fMLLR for additive gain in the recognition performance;

• The VTLN is found to be effective for both shallow and deep networks unlike that noted

for the adults’ matched tasks.
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8.2 Scope of the Future Work

Some recent works have explored deep convolutional neural networks (CNN) [127] as well

as deep recurrent neural networks (RNN) [128] for speech recognition. In future we wish to

extend the techniques presented in this thesis on to CNN/RNN-based systems. Since model-

space adaptation approaches were observed to be effective in combination with the proposed

approaches, we wish to implement the same in the DNN/CNN domain as well. Adaptation of

DNN/CNN-based ASR system has also been explored in the last few years [129–132]. Among

those, the cluster adaptive training for DNN [133] is a fast adaptation approach. Following that

study, the fast adaptation techniques reported in this thesis could be extended to DNN-based

systems.

A number of works using bottleneck (BN) features has been reported for speech recogni-

tion [134, 135]. In earlier works the BN features for speech were created from a multi-layer

perceptron (MLP) trained to predict the phonemes or the phoneme states. With the recent

advancements, the BN features are being generated from a DNN-based system for classifying

senones [136, 137]. Combining BN features with other complementary features like MFCC-

s/PLPs to train a GMM-HMM system is reported to outperform the system trained using

MFCCs/PLPs [138]. Generally the combination of the BN and the MFCC features are pro-

cessed via PCA/HLDA for dimensionality reduction and decorrelation before modelling. In

future, we wish to extract BN and tandem features using the proposed pitch-adaptive cepstral

features as the input to the DNN.

Another challenging problem in speech processing is the automatic recognition of speech

under stress. A few studies on DNN-based ASR for stressed speech are reported [139–141].

The effect of stress is more pronounced in the low frequency region of the stressed speech in

comparison to the high frequency region as observed in some of the earlier reported works [142,

143]. This leads to a similar nature mismatch in the variance of the acoustic features between the

neutral and stressed speech conditions. It is hypothesized that the low-rank feature projections

developed for addressing pitch mismatch should turn out to be effective in the case of stressed

speech recognition as well. In an initial exploration, the low-rank projections are noted to

achieve 10-30% reduction in the WER for speech belonging to varying stress classes, thus

supporting our hypothesis.
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A. Front-end Acoustic Features

A.1 Mel-frequency Cepstral Coefficients

One of the most commonly used acoustic features in speech recognition is the Mel-frequency

cepstral coefficients (MFCC) [3]. The typical MFCC feature extraction process consists of the

following steps: windowing of the speech signal, applying the discrete Fourier transform (DFT)

on the windowed signal to derive the the magnitude spectrum for each frame, taking the log

of the magnitude and then warping the frequencies on to the Mel-scale and finally applying

the inverse discrete cosine transform (DCT) followed by low-time liftering. In the following we

discuss each of the steps involved in the extraction of the MFCC features in brief.

(i) Pre-emphasis: Pre-emphasis is the filtering process that emphasizes the higher fre-

quency components of the speech signal. This is done in order to balance the spectrum

of voiced sound units having a steep roll-off in the high frequency region. In general, the

speech signal is observed to have an overall spectral slope of −6 dB per octave. This net

roll-of is due to the combined effect of the glottal pulse roll-off (−12 dB/octave [144])

and the lip radiation (+6 dB/octave). The transfer function for the most commonly used

pre-emphasis filter is as following:

H(z) = 1− bz−1 (A.1)

where the slope of the filter is controlled by using the parameter b whose value usually

lies between 0.9 to 1.0 [144].

(ii) Frame blocking and windowing: It is well known that the speech signal is a slowly

varying or a quasi-stationary signal with respect to time. Therefore, the analysis of speech

is always carried out on short segments across which the speech signal is assumed to be

stationary. Typically, an analysis window of size 20-25 ms is considered for the short-time

spectral analysis. The duration of the window is still long enough to contain at least one

cycle of the lowest frequency component of interest. Usually, overlapping frames with

an overlap of 10 ms are considered. This is done in order to enable the tracking of the

temporal characteristics of the individual speech sounds. In order to force the values near

the edges of the frames to be zero, each frame is multiplied by a tapered window, viz.

the Hanning or the Hamming window [144]. This enhances the harmonics, smooths the

edges and reduces the discontinuities at the edges while taking the DFT on the signal.
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(iii) Computing the DFT spectrum: After windowing, each speech frame is converted

into its frequency domain representation by applying the DFT. For any signal x(n), the

DFT X(k) is given as follows [145]:

X(k) =

N−1∑

n=0

x(n)e
−j2πnk

N ; 0 ≤ k ≤ N − 1 (A.2)

where N is the number of points used to compute the DFT. The phase information

is discarded from the resulting short-term spectrum of a speech frame. The phase of

the spectrum is discarded because it does not carry any useful information from the

perspective of hearing.

(iv) Computing the Mel-spectrum: Next, the Fourier transformed signal is passed through

a set of band-pass filters known as the Mel-filterbank to compute the Mel-spectrum. A

Mel is a unit of measurement based on the human ear’s perceived frequency. It does not

correspond linearly to the physical frequency of the tone. The Mel-scale has approximately

a linear frequency spacing below 1 kHz and a logarithmic spacing above 1 kHz [146]. The

approximation of the Mel from the physical frequency can be expressed as:

fMel = 2595 log10

(
1 +

f

700

)
(A.3)

where f denotes the physical frequency in Hz and fMel denotes the perceived frequency [100].

The employed filterbanks can be implemented either in the time domain or in the fre-

quency domain. In general, the filterbanks are implemented in the frequency domain for

the computation of the MFCC features. The center frequencies of the filters are normally

evenly spaced on the frequency axis. In order to mimic the human ears’ perception, the

warped axis is implemented according to the non-linear function given in (A.3). The

bandwidths of the filters are decided on the basis of the critical bandwidth phenomena

noted in the psychoacoustic studies for the human auditory perception. Therefore, each

pair of consecutive filters have an overlap of 50% [147]. The most commonly used fil-

ter shaper is triangular in shape. In some cases the Hanning filter is also found to be

employed [144].

The Mel-spectrum of the magnitude spectrum X(k) is computed by multiplying the
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magnitude spectrum by each of the of the triangular Mel-weighted filters as follows:

s(m) =
N−1∑

k=0

[
|X(k)|2Hm(k)

]
; 0 ≤ m ≤M − 1 (A.4)

whereM is the total number of triangular Mel-weighting filters [148]. Hm(k) is the weight

given to the kth energy spectrum bin contributing to themth output band and is expressed

as:

Hm(k) =





0, k < f(m− 1)

2(k−f(m−1))
f(m)−f(m−1)

, f(m− 1) ≤ k ≤ f(m)

2(f(m+1)−k)
f(m+1)−f(m)

, f(m) < k ≤ f(m+ 1)

0, k > f(m+ 1)

(A.5)

with m ranging from 0 to M − 1.

(v) Discrete cosine transform (DCT): Since the vocal tract is smooth, the energy levels in

the adjacent bands tend to be correlated. The DCT when applied to the logarithm of the

transformed Mel-frequency coefficients produces a set of de-correlated cepstral coefficients.

It is to note that the DCT gathers most of the information in the signal to its lower

order coefficients. Consequently, by discarding the higher order coefficients, significant

reduction in computational cost and robustness of systems can be achieved [144]. This

step of discarding the higher-order coefficients is referred to as the low-time liftering.

Typically, for the task of speech recognition, the first 13 coefficients are chosen and are

referred to as the base MFFC feature. The base MFCCs are computed as per the following

relation [144]:

c(n) =

M−1∑

m=0

log10 (s(m)) cos

(
πn(m− 0.5)

M

)
; n = 0, 1, 2, ..., C − 1 (A.6)

where c(n) are the cepstral coefficients and C is the dimensionality of the MFCC feature

vectors. The logarithm of the energy/power for the entire frame is also appended to

the Mel-frequency cepstral coefficients, i.e., the zeroth order coefficient. This is done so

because the different phonemes may have different energy.

(vi) Computing the dynamic MFCC features: The base cepstral coefficients computed

following the above describe procedure are usually referred to as the static features, since
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they contain information from a given frame only. The extra information about the

temporal dynamics of the signal is obtained by computing the first- and the second-order

temporal derivatives of the cepstral coefficients [149–151]. The first-order derivative is

called the delta coefficient while the second-order derivative is termed as the delta-delta

coefficient. The delta coefficients contain the information about the speech rate. The

delta-delta coefficients, on the other hand, give an information similar to the acceleration

of the speech. The dynamic MFCC parameters are generally computed as follows [149]:

∆cm(n) =

T∑
i=−T

kicm(n + i)

T∑
i=−T

|i|

(A.7)

where cm(n) denotes the mth feature for the nth time frame, ki is the ith weight and T

is the number of successive frames used for the computation. Generally T is taken to be

between 2-5. The delta-delta coefficients are computed by taking the first-order derivative

of the delta coefficients in the same way.
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A.2 Perceptual Linear Prediction

The perceptual linear prediction (PLP) is another commonly used acoustic feature in the

ASR systems [4]. The PLP approach employs several concepts from the psychophysics of

hearing for frequency weighting to determine an estimate of the auditory spectrum. An au-

toregressive low-order all pole model is then employed to approximate the auditory spectrum.

As a result, the PLP spectrum does not reflect the speaker-dependent details in the spectrum

of the speech, merging the higher resonance spectral peaks. The basic steps involved in a typi-

cal perceptual linear prediction cepstral coefficient (PLPCC) features computation process are

described in the following.

(i) Spectral Analysis: As speech is quasi-stationary, the speech signal is divided into frames

and weighted by an analysis window, which is often a Hamming window, as follows:

W (n) = 0.54 + 0.46 cos

[
2πn

(N − 1)

]
(A.8)

where N is the length of the Hamming window. Like the MFCC feature computation

process explained earlier, the short-time spectral measurements are carried out using a

analysis window of size 20-25 ms such that the frames are overlapping with their centers

being only 10 ms apart. After the windowing, the discrete Fourier transform (DFT) is

used to convert the windowed speech frame to its frequency domain representation as

given in (A.9) [145].

X(k) =
N−1∑

n=0

x(n)e
−j2πnk

N ; 0 ≤ k ≤ N − 1 (A.9)

In (A.9), N is the number of points used to compute the DFT. Next, to get the short-term

power spectrum, the real and imaginary components of the short-term speech spectrum

are squared and added as per the following relation:

P (ω) = Re[S(ω)]2 + Im[S(ω)]2. (A.10)

(ii) Critical Band Analysis: From the perspective of the hearing mechanism, the use of

the critical bands for speech analysis is important. For a given center frequency, the

critical band is defined to be the smallest band of frequencies around it which activates
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the same part of the basilar membrane of the ear. Consecutive tones lying in the same

critical band do not increase the perceived loudness over that of the single tone if they

all have the same sound pressure. Therefore, the critical bandwidth is used to represent

the power of the human ears for resolving simultaneous tones. After finding the power

spectrum P (ω), it is warped along its frequency axis Ω into the Bark frequency [152] as

follows:

Ω(ω) = 6 ln


 ω

120π
+

[[
ω

120π

]2
+ 1

]0.5

 (A.11)

where ω is the angular frequency in rad/s. The resulting warped power spectrum is con-

volved with the power spectrum of the simulated critical-band masking curve Ψ(Ω) [152]

using (A.12).

Ψ(Ω) =





0 Ω < −1.3,

102.5(Ω+0.5) −1.3 ≤ Ω ≤ −0.5,

1 −0.5 < Ω < 0.5,

102.5−1.0(Ω−0.5) 0.5 ≤ Ω ≤ 2.5,

0 Ω ≥ 2.5

(A.12)

The samples of the critical-band power spectrum is given by the discrete convolution of

P (ω) with Ψ(Ω) as per the following:

Θ(Ωi) =

2.5∑

Ω=−1.3

P (Ω− Ωi)Ψ(Ω). (A.13)

In comparison to the original P (ω), the convolution reduces the spectral resolution of

Θ(Ω). Down-sampling of the Bark scale spectrum Θ(Ω) is then performed by re-sampling

every one Bark. Typically, 18 spectral samples of are used to cover the 0-16.9 Bark (0-5

kHz) analysis bandwidth in 0.994 Bark steps.

(iii) Equal Loudness Pre-emphasis: Pre-emphasis of the sampled Θ[Ω(ω)] is performed

using the simulated equal loudness curve given by the following equation:

Ξ[Ω(ω)] = E(ω)Θ[Ω(ω)] (A.14)
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where the function E(ω) is given by (A.15)

E(ω) =
ω4(ω2 + 56.8× 106)

(ω2 + 6.3× 106)× (ω2 + 0.38× 109)
. (A.15)

The function E(Ω) is an approximation to the nonequal sensitivity of the human hearing

at different frequencies (adopted from [153]). This equation is used to simulate the res-

olution power of hearing. Furthermore, the above equation is the transfer function of a

filter having asymptotes of 12 dB/octave between 0 and 400 Hz, 0 dB/octave between 400

and 1200 Hz, 6 dB/octave between 1200 and 3100 Hz, and 0 dB/octave between 3100 Hz

and the Nyquist frequency. This approximation is well up to 5000 Hz. For applications

requiring Nyquist frequency greater than 5000 Hz, (A.15) is modified as follows:

E(ω) =
ω4(ω2 + 56.8× 106)

(ω2 + 6.3× 106)× (ω2 + 0.38× 109)× (ω6 + 9.58× 1026)
. (A.16)

Finally, since the samples at 0 Bark and the Nyquist frequency are not well defined,

those are made equal to the values of their nearest neighbors. Consequently, the function

Ξ[Ω(ω)] begins and ends with two equal-valued samples.

(iv) Intensity Loudness Power-Law: After applying the PLP filtebank, cubic root am-

plitude compression is performed to approximate the power law of hearing as suggested

in [154]. This compression is given in the following:

Φ(Ω) = Ξ(Ω)0.33 (A.17)

The above given operation is performed in order to simulate the nonlinear relation between

the intensity of the sound and its perceived loudness. Furthermore, it is also effective in

reducing the spectral amplitude variation of the critical band spectrum when applied

together with the psychophysical equal-loudness pre-emphasis filter. Consequently, these

two approaches allow a lower-order all-pole modeling, discussed next, with a reduced

computational cost.

(v) Autoregressive Modeling: Finally, Φ(Ω) is approximated by the spectrum of an all-

pole model. This is done using the autocorrelation method of an all-pole spectral model-

ing. The autocorrelation function dual of Φ(Ω) is obtained by applying the inverse DFT

(IDFT). Typically, a 34-point IDFT is used. Furthermore, the IDFT is a better choice
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than the inverse FFT as only a few autocorrelation values are needed. Next, the Yule-

Walker equations for the autoregressive coefficients of the M th order all-pole model are

solved using the first M + 1 autocorrelation values.

(vi) PLP Cepstral Coefficients: The PLP coefficients obtained in the last step above are

then employed to compute PLP cepstral coefficient (PLPCC) using the recursion formula

suggested in [155]. Those recursion formulae are given as follows:

c1 = a1 (A.18)

cn =

n−1∑

k=1

(
1−

k

n

)
akcn−k + an 1 < n < M (A.19)

The temporal dynamics of the signal is obtained by computing the first-order derivatives (delta

coefficients) and the second-order derivatives (delta-delta coefficients) of the static cepstral

coefficients using the steps defined in [149–151].
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B. Acoustic Modelling Approaches

B.1 GMM-HMM-based Acoustic Modelling

In practical large vocabulary automatic speech recognition (ASR) systems, one of the tech-

niques to learn the acoustic models is based on the Hidden Markov model (HMM)1. The ob-

servation probabilities of the HMM states are, in turn, modelled using multivariate Gaussians

mixtures (GMM) [2]. In this approach, the acoustic model consists of an HMM for each of the

basic modelling unit, e.g., a phone. The HMM of a word in the vocabulary is then derived

by concatenating the corresponding phone-specific HMMs. The HMMs of the words can be

further concatenated to construct the HMM of a sentence/phrase.

Given the an observation vector ol for the frame l, the set of model parameters that defines a

continuous density HMM Λ, with discrete sequence of S states that are modeled using Gaussian

density functions having M mixtures, comprises of:

(i) A = {aij ; 1 ≤ i, j ≤ S}, the set of transition probabilities between two states

(ii) B = {bj(ol); 1 ≤ j ≤ S}, the observation probabilities of a state

(iii) π = {πi; 1 ≤ j ≤ S}, the set of initial probabilities of the states

In the context of the ASR systems, a left-to-right HMM topology is employed. Two non-

emitting sates are included as the entry and the exit states along with the emitting states. The

non-emitting states do not generate any observation unlike the emitting states. Consequently,

their respective initial probabilities are π1 = 0 and πi = 0 for i 6= 1.

For a GMM-HMM-based isolated unit ASR system, the algorithms used for training (learn-

ing parameters of the model from observations) and testing (decoding a test utterance to

hypothesize a word) are described in the following subsections.

B.1.1 Learning the GMM parameters

The set of model parameters of the HMMs viz., the Gaussian means, the variances of

the Gaussians, the Gaussian mixture-weights and the state transition probabilities are learned

in a data-driven manner using the Baum-Welch re-estimation algorithm [156]. A variation

of the expectation-maximization (EM) algorithm [157] is used to learn the HMMs parameters

employing maximum-likelihood training. Given an initial model Λ and the observation sequence

O = {o1, o2, . . . , oT}, each iteration increases the likelihood of the training data i.e., P (O|Λ)

till it converges to a local maximum. The function P (O|Λ) is called the likelihood function.

1This discussion closely follows the detail description given in [149]
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At the beginning of the training process, a rough guess of the parameter values A, B and

π of an initial model Λ is made. This can be done using either a flat start training or the

segmental K-means algorithm [158]. The segmental K-means algorithm for initialization of

models is implemented as:

π = {πi} (B.1)

where πi = P (i1 = i), Probability of being in state i at l = 1.

A = {aij} (B.2)

where aij = P (il+1 = j|il = i), is the probability of being in state j at time l+1 given that the

system was in state i at time l. The aij ’s are assumed to be independent of time.

B = {bj(ol)} (B.3)

where bj(ol) =
∑M

m=1 cjmN (ol;φjm,Cjm), is the probability of observing the symbol ol given

the state j. The multivariate Gaussian density function for a D dimensional observation feature

vectors is given as:

N (ol;φjm,Cjm) =
1√

(2π)D|Cjm|
exp

{
−
1

2
(ol − φjm)

T C−1
jm (ol − φjm)

}
(B.4)

where, cjm, φjm and Cjm are the mixture-weight, the mean and the covariance matrix for the

mth Gaussian component in the jth state, respectively.

In flat start training, on the other hand, all models are initialized to be identical. The

Gaussian means and the covariances of each state are equal to the global mean and variance of

the training speech data. In this thesis, the parameters of the HMM-based models are initialized

using the flat start training approach.

Given the observation sequence O = o1, o2, . . . , oL and the model Λ = (A,B, π), subject to

the stochastic constrains:
S∑

j=1

πj = 1 (B.5)

S∑

j=1

aij = 1; for 1 ≤ i ≤ S (B.6)

M∑

m=1

cjm = 1; for 1 ≤ j ≤ S (B.7)
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∫ ∞

−∞

bj(ol)do2 = 1; for 1 ≤ j ≤ S, (B.8)

the Baum-Welch re-estimation formulae are used to get more accurate parameter values as

follows:

π̂i = γ1(i) =
α1(i)β1(i)∑S

j=1 αL(i)
(B.9)

âij =

∑L−1
l=1 ξl(i, j)∑L−1
l=1 γl(i)

=

∑L−1
l=1 αl(i)aijbj(ol)βl(j)∑L−1

l=1 αl(i)βl(i)
(B.10)

ĉjm =

∑L−1
l=1 γl(j,m)

∑L−1
l=1

∑M
m=1 γl(j,m)

(B.11)

φ̂jm =

∑L−1
l=1 γl(j,m).ol∑L−1
l=1 γl(j,m)

(B.12)

Ĉjm =

∑L−1
l=1 γl(j,m).(ol − φjm)(ol − φjm)

T

∑L−1
l=1 γl(j,m)

(B.13)

where

γl(i) = P (il = i|O,Λ) (B.14)

defines the probability of being in state i at time l,

γl(j,m) =

[
αl(j)βl(j)∑S
j=1 αl(j)βl(j)

][
cjmN (ol;φjm,Cjm)∑M

m=1 cjmN (ol;φjm,Cjm)

]
(B.15)

denotes the probability of being in state j at time l with the observation ol being generated by

the mth mixture component and

ξl(i, j) = P ((il = i, il+1 = j|O,Λ) (B.16)

defines the probability of being in state j at time l and making a transition to state j at time

l + 1. Hence,
L−1∑

l=1

γl(i) = Expected number of transitions from state i (B.17)

L−1∑

l=1

ξl(i, j) = Expected number of transitions from state i to state j. (B.18)

Therefore, the re-estimation formula for πi is the probability of being in state i at time l.

On the other hand, the formula for aij is the ratio of expected number of times of making a

transition from state i to state j to the expected number of times of making a transition out
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of state i.

B.1.2 Search and Decoding

Given observation sequence O, the GMM-HMM system determines the most likely model

Λ using the Baye’s rule as follows:

Λ̂ = argmaxP (Λ|O) =
P (Λ)P (O|Λ)

P (O)
(B.19)

where, P (Λ) is the probability of model which is estimated using language models, P (O|Λ) is

the conditional probability of the occurrence of the observation sequence O given the model

Λ and P (O) is the probability of the observation sequence which is same for all observations.

In other words, one is required to determine the maximum value of the product of P (Λ) and

P (O|Λ). This, in turn, requires to determine the maximum value of the probability P (O|Λ)

across all trained models. Since, the observations are generated by states which are hidden, it

is required to determine the hidden state sequence that can generate the observation sequence

O given the model P (Λ). In decoding, therefore, the problem is to find a state sequence

I = i1, i2, . . . , iT such that the joint probability of the observation sequence O = o1, o2, . . . , oT

and the state sequence given the model Λ = (A,B, π) is maximized. A dynamic programming

algorithm known as the Viterbi algorithm [156] is used to identify the underlying hidden state

sequence I that maximizes P (O, I|Λ). The Viterbi is an inductive algorithm in which at each

instant the state sequence giving the maximum probability for each of the N states is kept as

the intermediate state for the desired observation sequence O = o1, o2, . . . , oT . In this way, the

best path for each of the N states is determined as the last state for the desired observation

sequence. Out of those the one which has the highest probability is selected.

The step-by-step implementation of the Viterbi algorithm given in [149] is reproduced in

the following:

(i) Initialization: For 1 ≤ i ≤ N

δ1(i) = − ln(πi)− ln(bi(o1)) (B.20)

ψ1(i) = 0 (B.21)

(ii) Recursive Computation: For 2 ≤ t ≤ T and 1 ≤ j ≤ N

δt(j) = min
1≤i≤N

[δt−1(i)− ln(aij)]− ln(bj(ot)) (B.22)
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ψt(j) = arg min
1≤i≤N

[δt−1(i)− ln(aij)] (B.23)

(iii) Termination:

P ∗ = min
1≤i≤N

δT (i) (B.24)

q∗T = arg min
1≤i≤N

δT (i) (B.25)

(iv) Tracing back the optimal state sequence: For t = T − 1, T − 2, . . . , 1

q∗t = ψt+1(q
∗
t+1) (B.26)

Hence, the required state-optimized probability is given by exp(−P ∗) while Q∗ = q∗1, q
∗
2, . . . , q

∗
T

is the optimal state sequence.
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B.2 SGMM-HMM-based Acoustic Modelling

In this section, we provide a brief discussion on the parameterization of the subspace GMM

(SGMM) for ASR. This discussion closely follows the works reported in [5, 159, 160]. In the

GMM-HMM-based acoustic modelling approach, a dedicated mixture of multivariate Gaus-

sians is used to model each state level. Further, no parameters are shared between states.

An alternative acoustic modelling approach reported lately in literature is the SGMM. The

SGMM has similarities with the techniques like the EV- and the CAT-based speaker adapta-

tion approaches as well as joint factor analysis (JFA) used in speaker verification [161]. In the

SGMM, the model parameters represent a globally shared subspace. A set of low dimensional

state-specific vectors, referred to as the state projection vectors {vj}, are trained from the data

to capture the principal directions of the phonetic variability. The state projection vectors, in

turn, determine the means and the mixture-weights of the Gaussians in the model. Moreover,

the covariances in the SGMM are shared among all the HMM states and are represented by

full, instead of diagonal, covariance matrices. A large portion of the SGMM parameters are

dedicated to shared full covariance Gaussian subspace parameters. A relatively smaller number

of parameters are used for state projection vectors. As a result of this, the SGMM facilitates

acoustic modelling with a smaller amount of training data. This is thought to result partly

from the subspace constraints provided by the model structure and partly due to the overall

reduction in the total number of model parameters.

In the case of an SGMM-based system having J states, the observation density function of

a feature vector ol ∈ R
D in state j is given by

bj(ol | j) =
I∑

i=1

wjiN (ol ; φji, Ci) (B.27)

where I is the number of the full covariance Gaussians that are shared between the J states.

The ith mean vector φji corresponding to the jth state is derived by a projection into the ith

subspace as given by

φji = Mivj (B.28)

where Mi is the linear subspace projection matrix of dimensions D × S. In (B.28), the state

projection vector for jth state is denoted by vj ∈ R
S, with the subspace dimension generally

being around the same to the feature dimension, i.e., S ≃ D. The dimension of S happens to

be much smaller than the number of parameters per state. Consequently, the models span a

subspace of the total parameter space and hence the name. The state specific weights in (B.27)
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are derived from the state projection vector vj using a log-linear model as follows:

wji =
exp(wT

i vj)∑I
k=1 exp(w

T
k vj)

(B.29)

where wi denotes the shared subspace weight projection vectors. Additional flexibility in the

SGMM parameterization is provided by introducing the notion of a substate within a state.

With this modification, the distribution for the observation ol in state j is given as a weighted

combination of densities:

bj(ol | j) =

Mj∑

m=1

cjm

I∑

i=1

wjmiN (ol ; φjmi, Ci) (B.30)

where cjm is the relative weight of substate m within the jth state. The substate projection

vectors vjm are now used to obtain the means and the mixture-weights as follows:

φjmi = Mivjm (B.31)

wjmi =
exp(wT

i vjm)∑I
k=1 exp(w

T
k vjm)

. (B.32)

Multiple substate per state SGMM models are realized in multiple iterations by splitting vjm

vectors with the highest occupancy counts. Introducing the notion of the substate increases

the number of parameter being estimated. Depending upon the amount of available training

data, the value of m can be varied to get an optimal set of model parameters.

For model training, a single GMM called the universal background model (UBM) is learned

on all speech classes pooled together. The subspace parameters Mi, vjm and Ci are initialized

in such a way that the means and the variances in each state on the first iteration are the

same as the UBM. The usual expectation-maximization (EM) algorithm employing a maximum

likelihood criterion is used to update the parameters of the SGMM in successive iterations.
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B.3 DNN-HMM-based Acoustic Modelling

The GMM-based acoustic modelling is observed to be inefficient in modelling the data that

lie on or near a non-linear manifold in the data space. This is one of the major drawbacks of

the GMM-HMM-based approach as suggested in [6]. On the other hand, the artificial neural

network (ANN) [162] is reported to have the potential to learn these models of data that lie on

or near the non-linear manifold. The lack of hardware and adequate algorithms had impaired

the initial works done on the application of the ANN-based ASR system. Training an ANN

with many hidden layers by the backpropagation algorithm [162] using a large amount of data

was found to be infeasible. Most of the works were therefore constrained to make use of a single

hidden layer which did not result in improvements significant enough to seriously challenge the

GMM-HMM paradigm. Both the aforementioned limitations have been overcome with the

developments made in the past few years. Efficient techniques are now available to train neural

nets with a large number of hidden layers. Deep neural networks (DNN) containing many layers

of non-linear hidden units and a very large output layer are now being used for modelling the

acoustic variations in the ASR systems [163]. In this case, the DNN is trained to model the

posterior probabilities of the senones (context-dependent tied state) which are then used in an

HMM-based classifier. Such an approach is reported to outperform the ASR systems employing

GMM-based acoustic modelling.

Deep neural networks are created by stacking layers of restricted Boltzmann machine (RBM) [6].

An RBM is an undirected generative model. An undirected model uses a single set of parame-

ters (W) to define the joint probability of a vector of observable variables (v) and a vector of

values for the latent/hidden variables (h) via an energy function E given as:

p(v,h;W) =
1

Z
e−E(v,h;W) (B.33)

where, Z is the partition function given by

Z =
∑

v′,h′

e−E(v′,h′;W) (B.34)

where, v′,h′ are dummy variables used for summing over the ranges of v and h, respectively.

In undirected models, inference (the state of the hidden unit) is easy to determine provided the

hidden variables do not have interconnections among them. This property of such a restricted

class of undirected models makes it ideal for pre-training a deep neural network since the

output of each layer is easily inferred. An efficient unsupervised algorithm is described in [164]
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for learning the connection weights in a deep belief network (DBN) that is equivalent to training

each adjacent pair of layers of an RBM. There is also a fast, approximate, bottom-up inference

algorithm to infer the states of all hidden units conditioned on a data vector [165].

After training an RBM on the data, the output of the hidden units can be used as the input

data for training another RBM. This helps learn to model the significant dependencies between

the hidden units of the first RBM. This can be repeated many times to produce many layers

of non-linear feature detectors that represent more complex statistical structure in the data.

For each data vector v, the vector of hidden unit activation probabilities h is computed. These

hidden activation probabilities are then used as the training data for a new RBM. Thus, each

set of RBM weights can be used to extract features from the output of the previous layer. The

initial values for all the weights of the hidden layers of the neural nets can thus be generated

using the RBM training (the number of hidden layers being equal to the number of RMBs

trained). This is called pre-training of a DBN. A randomly initialized softmax output layer

is then added and all the weights in the network are discriminatively fine tuned using the

backpropagation to create a DNN.

In the case of the ASR systems, the softmax output layer has as many node as the number

of classes, i.e., the number of senones in the case of DNNs. For the multiclass classification

problems like speech recognition, the output unit j converts the total input xj into a class

probability pj by using the softmax nonlinearity given by

p(xj) =
exp(xj)∑
k exp(xk)

(B.35)

where k is an index over all the classes. The DNN’s can be trained by backpropagating deriva-

tives of the cost function i.e., the cross-entropy between the target probabilities and the output

of the softmax function. The final fine tuning phase is supervised and hence the labeled data

is required. The DNN-HMM architecture is used to model the senones directly as the output

of the DNN. The input speech is fed through the input layer v while the output of the DNN

is the scaled likelihood of the senones p(xj). This senone likelihood is used with HMM which

models the sequential property of the speech.

Some of the reported works have shown that DBN pre-training is not mandatory when the

available data for training is sufficiently large [6] or when a very large number of hidden layers is

employed (more than 7) [123]. In such cases, one can use the DNN training approach reported

in [166]. This approach is very similar to the greedy layer-wise supervised training [167] or

the “layer-wise backpropagation” reported in [168]. In this approach, the network is initialized
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randomly with one hidden layer which is then trained for a short time, i.e., typically less than an

epoch or in other words less than one full-pass through the data. Next, the layer of weights that

go to the softmax layer is removed, a new hidden layer and two sets of randomly initialized

weights are added and training is done again. This is repeated until the desired number of

layers are trained. The Kaldi speech recognition toolkit supports both the kinds of DNN-HMM

training.
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For computing the minimum-phase frequency response from the magnitude, one of the ways

is the cepstral method as given in [169]. The involved steps are summarized as follows:

(i) Given the Mel-spectra, obtain the the real cepstrum, c(n).

(ii) The noncausal portion of c(n) is folded onto its causal portion.

(iii) Perform a forward FFT, followed by exponentiation to obtain the minimum phase fre-

quency response Smp.

These steps are executed by the MATLAB code give below:

load ( ‘ me l spec t ra .mat ’ ) ;

NZ = 1 ; % number o f ZEROS in the f i l t e r to be des igned
NP = 8 ; % number o f POLES in the f i l t e r to be des igned
NG = 10 ; % number o f ga in measurements
fmin = 100 ; % lowest measurement f requency (Hz)
fmax = 3000 ; % h ighes t measurement f requency (Hz)
f s = 8000 ; % d i s c r e t e−time sampling ra t e
Nf f t = 200 ; % FFT s i z e to use
df = ( fmax/ fmin )ˆ (1/ (NG−1)) ; % uniform log−f r e q spac ing
f = fmin ∗ df . ˆ ( 0 :NG−1); % measurement f requency ax i s

f e = [ 0 , f , f s / 2 ] ;
fk = f s ∗ [ 0 : N f f t /2 ]/ Nf f t ; % f f t f r equency g r id ( nonneg f r e q s )

% Fold cepstrum to r e f l e c t non−min−phase ze ro s i n s i d e un i t c i r c l e
% and compute minimum−phase spectrum
% Since 21−channel Mel−f i l t e r b a n k i s employed , we i n t e r p o l a t e 158 po in t s with ver
% to get a 200−po int symmetric c e p s t r a l r ep r e s en t a t i on

Smp = exp ( f f t ( f o l d ( i f f t ( ( c l i pdb ( l og ( [ ( 1 0 . ˆ ( y mod100 ( : , 5 0 ) ) ) ’
10ˆ(−1)∗ ones (1 ,158) f l i p l r ( ( 1 0 . ˆ ( y mod100 ( : , 5 0 ) ) ) ’ ) ] ) , −100 ) ) ) ) ) ) ;

Ns=101;
Smpp = Smp( 1 : Ns ) ; % nonnegative−f r equency po r t i on
wt = 1 . / ( fk +1); % t yp i c a l weight fn f o r audio

wk = 2∗ pi ∗ f k / f s ;

[B,A] = inv f r eq z (Smpp ,wk ,NZ,NP, wt ) ;
Hh = f r eq z (B,A, Ns ) ;
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H = t f (B,A, 0 . 1 , ’ Var iable ’ , ’ z ˆ−1 ’);
f i g u r e ( 1 ) ;
subp lot (211)
pzp lo t (H) ;
[ PP 100 , ZZ 100 ]=pzmap(H)
subplot ( 2 1 2 ) ;
p l o t (db( abs (Hh ) ) ) ;

The function clipdb used in this analysis is given in the following:

f unc t i on [ c l i pped ] = c l ipdb ( s , c u t o f f )
% [ c l i pped ] = c l ipdb ( s , c u t o f f )
% Cl ip magnitude o f s at i t s maximum + cu t o f f in dB .
% Example : c l i p ( s ,−100) makes sure the minimum magnitude
% o f s i s not more than 100dB below i t s maximum magnitude .
% I f s i s zero , nothing i s done .

c l i pped = s ;
as = abs ( s ) ;
mas = max( as ( : ) ) ;
i f mas==0, return ; end
i f c u t o f f >= 0 , return ; end
thresh = mas∗10ˆ( c u t o f f / 2 0 ) ; % db to l i n e a r
toosmal l = f i nd ( as < thresh ) ;
c l i pped = s ;
c l i pped ( toosmal l ) = thresh ;
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