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Automatic speech recognition for resource-scarce environments

Automatic speech recognition (ASR) technology has matured over the past few decades and has

made significant impacts in a variety of fields, from assistive technologies to commercial products.

However, ASR system development is a resource intensive activity and requires language resources

in the form of text annotated audio recordings and pronunciation dictionaries. Unfortunately, many

languages found in the developing world fall into the resource-scarce category and due to this resource

scarcity the deployment of ASR systems in the developing world is severely inhibited. In this thesis

we present research into developing techniques and tools to (1) harvest audio data, (2) rapidly adapt

ASR systems and (3) select “useful” training samples in order to assist with resource-scarce ASR

system development.

We demonstrate an automatic audio harvesting approach which efficiently creates a speech recog-

nition corpus by harvesting an easily available audio resource. We show that by starting with boot-

strapped acoustic models, trained with language data obtain from a dialect, and then running through

a few iterations of an alignment-filter-retrain phase it is possible to create an accurate speech recog-

nition corpus. As a demonstration we create a South African English speech recognition corpus by

using our approach and harvesting an internet website which provides audio and approximate tran-

scriptions. The acoustic models developed from harvested data are evaluated on independent corpora

and show that the proposed harvesting approach provides a robust means to create ASR resources.

As there are many acoustic model adaptation techniques which can be implemented by an ASR

system developer it becomes a costly endeavour to select the best adaptation technique. We investi-

gate the dependence of the adaptation data amount and various adaptation techniques by systemati-

cally varying the adaptation data amount and comparing the performance of various adaptation tech-

niques. We establish a guideline which can be used by an ASR developer to chose the best adaptation

technique given a size constraint on the adaptation data, for the scenario where adaptation between

narrow- and wide-band corpora must be performed. In addition, we investigate the effectiveness of

a novel channel normalisation technique and compare the performance with standard normalisation

and adaptation techniques.

Lastly, we propose a new data selection framework which can be used to design a speech recogni-

tion corpus. We show for limited data sets, independent of language and bandwidth, the most effective

strategy for data selection is frequency-matched selection and that the widely-used maximum entropy

methods generally produced the least promising results. In our model, the frequency-matched se-

lection method corresponds to a logarithmic relationship between accuracy and corpus size; we also

investigated other model relationships, and found that a hyperbolic relationship (as suggested from

simple asymptotic arguments in learning theory) may lead to somewhat better performance under

certain conditions.

Keywords: automatic speech recognition, data harvesting, acoustic model adaptation, feature

normalisation, data selection, corpus design, resource-scarce, language technology resource de-

velopment.
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CHAPTER ONE

INTRODUCTION

Speech technologies are playing an increasingly important role in the daily lives of many people. For

instance, applications such as Google Voice Search [3] performing spoken web searches, telephone

services using Automatic Speech Recognition (ASR) to acquire account information [4], access con-

trol systems utilising speaker recognition in a host of security checks [5] and multi-lingual spoken

dialog systems employing Spoken Language Identification (SLID) [6] have all made significant con-

tributions to the technology landscape. In some cases, these types of systems can perform their related

tasks many times more cost efficiently than humans, and for limited domain applications even achieve

performance levels exceeding that of humans.

Given the variety of speech-based applications, it is generally the case that an ASR system serves

as the foundation whereupon applications are built and specialized. Although ASR technologies have

matured over recent years, ASR development is still a resource intensive process. The process often

requires large volumes of language resources such as annotated audio corpora and pronunciation

dictionaries. This large initial resource requirement places a constraint on the development of ASR

systems in the developing world, where most languages are subject to a scarcity of resources and are

often termed resource-scarce.

As a contribution to rectifying this situation and supporting ASR deployment in the developing

world, this thesis reports on research in the areas of (1) data harvesting, (2) rapid ASR system adapta-

tion and (3) training data selection. Progress in these domains will hopefully contribute to the creation

of speech-based applications in the developing world.

1



CHAPTER ONE INTRODUCTION

1.1 PROBLEM STATEMENTS

1.1.1 AUDIO DATA HARVESTING

When developing an ASR-based application, the general practice is to acquire a suitable corpus or to

collect a significant amount of application-specific audio samples. However, it may not be possible to

purchase a corpus due to cost, language or dialect availability, operating environment, and vocabulary

factors. Driving a corpus collection process may not be feasible as often the task is highly resource

intensive. Additionally, in a resource-scarce environment these problems are compounded.

An alternative option that can be pursued in certain circumstances is to automatically harvest

the required language resources. An abundant supply of language resources can often be found on

the Internet where, for example, transcribed podcasts can be accessed. Usually, the podcasts are

published by government and news agencies, radio broadcasters, universities (lecture recordings)

and private individuals. The podcasts vary considerably in quality – the text transcriptions vary in

accuracy often containing spelling and grammar errors while the audio recordings regularly contain

non-speech artefacts (music, tones, noise) – and require processing to convert the data into a consistent

format suitable for ASR system development.

Thus, developing a tool set to automatically process a raw language resource, containing audio

and annotations, into a useful ASR corpus can benefit ASR system development tremendously.

1.1.2 ASR SYSTEM ADAPTATION

Task-specific corpora are often difficult to come by and for resource-scarce languages the choices

are severely limited. Given access to a language-specific corpus, it would be highly efficient to train

acoustic models with the available data and then apply task-specific optimisations. When moving

between different operating environments, the optimisations would have to take into consideration the

data mismatch which leads to performance degradations. Currently, feature normalisation and model

adaptation techniques are employed to reduce the acoustic level mismatches. In general, model-

based adaptations perform better than feature normalisation approaches but require transcriptions to

estimate the class-specific mismatches and apply the appropriate transforms.

Thus, we will investigate unsupervised techniques for environment normalisation, which can be

applied to mismatched data applications. In addition, current ASR model adaptation techniques learn

a set of transformations or update acoustic model parameters from provided adaptation data and the

performance gains which are attained by the various techniques are dependent on the amount of

adaptation data from which the statistics are estimated. Therefore, a comparative investigation will

be performed to determine the effectiveness of current model adaptation techniques based on the

amount of available adaptation data. The specific scenario that will be investigated is one in which

plentiful speech data resources of either telephone bandwidth or high bandwidth are available. We

will investigate how feature normalisation and adaptation techniques can increase the ASR system

performance gains given increasing amounts of adaptation data from the less-resourced bandwidth.
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1.1.3 TRAINING PROMPT SELECTION

A general ASR tenet is that the training of robust acoustic models, to achieve high system accuracies,

requires large training corpora. The reasoning is the following: to cover the variability present in

speech, many training examples are needed to properly estimate the model parameters. However, for

a resource-scarce language such corpora are generally not readily available, which often necessitates

the creation of a larger corpus by sourcing data from smaller similar corpora. In addition, it has

been shown by [7] that large corpora contain redundant information which implies that a smaller sub-

corpus can be created which contains sufficient examples to cover the variability. We therefore intend

to answer the following question: if it is feasible to collect a limited amount of data with a focused

corpus design, which data should be selected to aid in the collection or design efficiency?

Thus, we will investigate if it is possible to develop a data selection strategy that selects a targeted

dataset which maximises ASR system accuracy.

1.2 THESIS OVERVIEW

The aim of the thesis is to investigate various methods which will facilitate the use of automatic

speech recognition in resource-scarce environments. The goals can be summarised as follows:

1. to develop an automatic data harvesting procedure that transforms audio and corresponding

approximate annotations into an accurate ASR corpus;

2. to investigate the application of an unsupervised channel normalisation technique for data mis-

match reduction;

3. to analyse the performance of current ASR adaptation techniques as a function of the amount

of data available; and

4. to develop a data selection framework and implementation which optimises ASR system per-

formance.

The thesis is structured in the following manner:

• Chapter 2 discusses relevant literature on speech recognition theory, data harvesting ap-

proaches, ASR system adaptation and normalisation and text selection strategies.

• Chapter 3 describes our specific automatic data harvesting approach and demonstrates the ef-

fectiveness of the approach by applying it to a South African English ASR corpus creation

task.

• Chapter 4 presents our analysis of the data dependence of current feature normalisation and

model adaptation techniques. We demonstrate in graphical format the data dependence of

various adaptation techniques and provide a guideline on which technique to use, for a given
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data amount, that will result in the best performance gain. In addition, the performance of an

unsupervised channel adaptation technique is investigated and compared to current state-of-

the-art adaptation methods.

• Chapter 5 discusses our theoretical framework for data selection and provides an analysis on

the effectiveness of the theory to select appropriate training data examples.

• In Chapter 6 we summarize our results, provide conclusions and highlight the contribution

contained in this thesis.

Lastly, appendix (F) contains the nomenclature used in each chapter.
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CHAPTER TWO

BACKGROUND

2.1 INTRODUCTION

This chapter describes relevant research in the field of speech technologies, on which the research

presented in this thesis builds. The main topics under discussion are:

• Automatic Speech Recognition (section 2.2) - describes current automatic speech recognition

theory and approaches.

• Data Harvesting and Automatic Processing (section 2.3) - discusses automatic data harvesting

techniques to recover large ASR corpora.

• Normalisation and Adaptation (section 2.4) - presents information concerning system adapta-

tion and feature normalisation for speech recognition.

• Text Selection - (section 2.5) - addresses approaches in the text selection domain, and their

relevance to speech recognition.

2.2 AUTOMATIC SPEECH RECOGNITION

Current “state-of-the-art” speech recognition systems are based on a Hidden Markov Model (HMM)

architecture [8]; such architectures are implied when referring to a standard automatic speech recog-

nition (ASR) systems. The most widely cited reference on the application of the HMM paradigm in

speech recognition is Rabiner [9], which is a clear introduction to the issues that must be addressed in

this application. The software tool utilised in this research to develop HMM-based ASR systems was

HTK [10]. The toolkit provides a set of stand-alone applications which assist in the creation of HMM

acoustic models and performing recognition (decoding) tasks. Additional applications are included to

5



CHAPTER TWO BACKGROUND

help transform data into consistent formats and implement all aspects involved in creating a complete

system. The broad tasks involved in creating a basic HMM-based ASR system can be summarised:

• Front end processing - speech waveforms are parametrised into feature vectors, which are used

for both of the following tasks.

• HMM parameter estimation and refinement - HMM parameters are estimated; this is typically

a staged process, with a maximum likelihood (ML) technique used to compute initial models,

which are then refined to increase accuracy.

• Search - Find the best possible word sequence given the acoustic models, language model and

input acoustic vectors.

A speech recognition task (search) uses a decoder to postulate the most likely set of acoustic

events the occur in the audio data. The probabilistic decoding framework uses a combination of the

acoustic model likelihoods which are generally weighted by the probability of the event occurring.

The probability of an acoustic event is described by a language model. The remainder of the section

will present a discussion on the model creation and decoding processes as well as related tasks. Our

focus is on the basic approaches followed for each of the steps; in each case, more sophisticated

algorithms have appeared in the literature, and some – such as the use of bottleneck features [11] or

discriminative training [12] are employed widely. However, those refinements are orthogonal to the

issues considered in this thesis, and we will not be devoting much attention to such topics.

2.2.1 FRONT END PROCESSING

The conversion of speech audio into feature vectors is motivated by the need to compactly represent

the audio stream (effectively reducing the dimensionality) and provide slowly-varying discrete data

samples for Hidden Markov modelling [13]. The conversion process is largely based on speech coding

principles and human auditory psychoacoustic processing research [8].

The first stage of processing is based on the speech coding theory. The audio is blocked or broken

up at 10 ms intervals and converted to a spectral representation via a Fast Fourier Transform (FFT)

using an analysis window of 20 to 30 ms. The standard length is 25 ms. For this limited amount of

time the spectral characteristics of the speech are assumed to be stationary. A windowing function

such as the Hanning or Hamming window is applied to the analysis window to reduce spectral leak-

age. A pre-emphasis filter, Snew
n = Sn−αSn−1 where α ∈ [0.95, 0.99] , is applied to speech samples

which increases the amplitude of the higher frequency components [10]. This compensates for the

fact that the higher spectral components are attenuated at a rate of -6 dB/oct due to the radiation of

speech from the lips [13]. At this stage we have a rather large number of linear spectral values.

Next, to reduce the number of components and achieve an increase in recognition performance,

human psychoacoustic processing principles are applied to the linear spectrum [8, 13]. Two leading

approaches are Mel-Frequency Cepstral Coefficients (MFCC) [14] and Perceptual Linear Predictive
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(PLP) analysis of speech [15]. The PLP methodology follows the human psychoacoustic research

more closely than the MFCC approach, but is has been shown that both techniques provide increases

in performance (relative to raw spectral values) which are approximately the same [16, 17]. For

historical reasons, we employ MFCC feature vectors in our research.

The process of converting the linear spectral samples into MFCC involves calculating Mel-spaced

filter bank energies, compressing the energies and applying a discrete cosine transform. Figure 2.1

shows the Mel-spaced filter bank coefficients used to determine the filter bank energies. The over-

lapped filters simulate, to a limited degree, the masking effect of the human auditory processing

mechanics where large-amplitude frequency components mask nearby surrounding lower-magnitude

components.
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Figure 2.1: 26 Mel-spaced filter bank coefficients.

The Mel-scale is defined by

Mel(f) = 2595 ∗ log10(1 +
f

700
), (2.1)

which has roughly linear scaling below 1000 Hz and logarithmic scaling above. The scaling is in-

creased as one moves to higher frequencies which simulates the loss of frequency resolution of the

ear [8]. The filter bank energies are calculated by performing a spectral integration of the spectral

components that contribute to the specific filter bank. After calculating the filter bank energies a com-

pression function – usually the natural logarithm – is applied. The compression simulates the human

perceived loudness characteristics [8]. The final step is to calculate the cepstral coefficients, which

are obtained by discrete cosine transforming the filter bank energies. The applied formula takes the

form of

ci =

�

2

N

N
�

j=1

mj cos

�

πi

N
(j − 0.5)

�

, (2.2)
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where ci is the ith cepstral coefficient, mj is the mth filter bank energy and N is the total number of

filter bank energies. The role of the discrete cosine transform is two-fold: (1) spectral information is

compressed into lower coefficients, and, (2) the resulting coefficients are largely decorrelated com-

pared to filter bank energies. The decorrelating effect is necessary to approximate the assumption of

statistical independence which simplifies the task of density estimation for the HMMs. The cepstral

coefficients are referred to as the static features. Instead of including a frame energy value, the 0’th

cepstral coefficient can be used. Usually, cepstral liftering [18] is applied to the cepstral coefficients

to smooth the representation and boost the variance of the higher order coefficients.

An improvement in performance can be obtained if dynamic cepstral representations are included

[19]. The first-order cepstral time derivatives (dynamic features) are calculated using the regression

formula [10, 13],

Δt =

�D
τ=1 τ(ct+τ − ct−τ )

2
�D

τ=1 τ
2

, (2.3)

where ct is the static cepstral coefficients, τ is the time-shift and D is the number of frames used

in the calculation. The second-order time derivatives (acceleration features) are also estimated using

the regression formula, applied to the dynamic features. The final feature vector is constructed by

appending the static, dynamic and acceleration features.

An important point made by Young [13] is the fact that the entire feature extraction process has

been optimised for the HMM pattern-matching task which assumes conditional statistical indepen-

dence of feature vectors at different times – hence, the speech recognition process can be characterised

by a Markov system.

2.2.2 HMM FORMULATION

To begin the formulation of the task of speech recognition we start with a number of speech vector

observations,

O = o1,o2,o3, · · · ,oT , (2.4)

where ot is the speech vector observation occurring at time t, and the sequence of observations repre-

sents the spoken words in an utterance. The problem of determining the most probable word sequence

Ŵ can be written as,

Ŵ = argmaxP (W | O). (2.5)

We can re-formulate the problem and decompose the probability by using Bayes’ Rule which gives,

Ŵ = argmaxP (W | O) = argmax
P (O | W)P (W)

P (O)
, (2.6)

where P (W | O) is the probability of the word sequence given the observed speech vector sequence

and P (W) is the probability of the word sequence occurring. The denominator can be ignored as
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P (O), the probability of the sequence will remain constant independent of tested word sequences.

The probability of the words, P (W), can be estimated via a language model. The probability of

the word sequence given the observed speech vector sequence, P (W | O), is given by a composite

model created by concatenating word or sub-words HMMs [10, 13].

For small-vocabulary applications, word-level HMMs can be utilised, but for large-vocabulary

applications it is more feasible to use sub-word HMMs. According to Michel et al. [20] the English

language as of 2000 contain just over 1.4 million unique words which would relate to a rather large

number of unique HMMs for word-level modelling. However, the English language contains roughly

45 phonemes which potentially can represent all current and future words. From a practical point

of view the approach of modelling the phonemes is more feasible and does not require a reworking

of the formulated speech recognition problem whenever the vocabulary changes. An extra step of

breaking the words into a phoneme representation is needed as well as a pronunciation dictionary

which contains the mappings.

Independently of the unit being modelled, the typical HMM defined in [9, 10, 13] contains three

basic elements;

• null or non-emitting entry and exit states,

• internal states which produce output probabilities, and,

• a matrix of transition probabilities governing the state transitions.

Figure 2.2 shows the left-to-right HMM topology used to model the acoustic units. In the figure,

states one and five are non-emitting states and facilitate the creation of the concatenated composite

model by merging successive entry and exit states, aii and aij are transition probabilities, and states

two to four are internal states which produce state output probabilities bi(ot).

The state output probabilities are modelled with a continuous density Gaussian mixture model

represented by

bj(ot) =
M
�

m=1

wmjN (ot;µmj ,Σmj), (2.7)

where wmj is the mixture weight, µmj is the mixture mean and Σmj is the covariance matrix (gener-

ally diagonal). The state output probability represents the probability of the specific state generating

the observed vector. To calculate the joint probability that a given set of HMMs (M) will generate

the observed (O) and state (X) sequences P (O,X | M), we need to calculate the product of the state

transition probabilities and the state output probabilities which is given by,

P (O,X | M) = a12b2(o1)a22b2(o2) · · · (2.8)

In general, given some observation O and a state sequence which realises the observations X(t) =
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Figure 2.2: Left-to-right Hidden Markov Model topology.

x(1),x(2), ...,x(T ), the joint probability is stated as,

P (O,X | M) = a
x(0)x(1)

T
�

t=1

b
x(t)(ot)ax(t)x(t+1), (2.9)

where x(0) and x(T + 1) are composite model entry and exit null states. For a recognition task, we

only have access to the model set (M) and observations (O), so effectively recognition performs a

search for the best possible state sequence X. Currently, the most utilised algorithm for determining

the most likely state sequence is the Viterbi algorithm [21], which approximates P (O | M) by

maximizing equation (2.9).

2.2.3 HMM ESTIMATION

The HMM parameters are estimated using the Baum-Welch re-estimation formula which can be inter-

preted as an Expectation-Maximisation (EM) maximum-likelihood parameter estimation procedure

for HMMs [9,22]. This implies that the model parameters are iteratively estimated and converge to a

local maximum of a likelihood function. To start the estimation process, all state means and variances

are initialised to the same values, which are derived from the global data statistics as;
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µj =
1

T

T
�

t=1

ot, (2.10)

Σj =
1

T

T
�

t=1

(ot − µj)(ot − µj)
T , (2.11)

where µj is the state mean and Σj is the state covariance. Then, for each Gaussian component of

each state, the following update formulas are used to re-estimate the parameters:

µjm =

�T
t=1 Ljm(t)ot

�T
t=1 Ljm(t)

, (2.12)

Σjm =

�T
t=1 Ljm(t)(ot − µjm)(ot − µjm)T

�T
t=1 Ljm(t)

, (2.13)

where Ljm(t) is the state component occupation probability or the probability of occupying the spe-

cific state at time t. The occupation probabilities can be calculated recursively using the Forward-

Backward algorithm [9, 13]. The forward probabilities are given by

αj(t) =
�

N−1
�

i=1

αi(t− 1)aij
�

bj(ot), (2.14)

while the backward probabilities are given by

βi(t) =

N
�

j=1

aijbj(ot+1)βj(t+ 1). (2.15)

After calculating the forward and backward probabilities the occupation probabilities are given by

Lj(t) =
αj(t)βj(t)

αN (T )
. (2.16)

The HTK toolkit employs an embedded training procedure to estimate the HMM parameters. During

training, each observation sequence has a corresponding orthographic transcription. Using this infor-

mation, a composite HMM model can be created by concatenating the models in sequence that occur

in the transcription. Then for each file the occupation probabilities for each state that is found in the

composite HMM are calculated and added to an accumulator. Once all the files have been processed,

the occupation counts are normalised and the model parameters updated.

2.2.4 PARAMETER TYING

Context-independent models, such as phoneme-based HMMs, are an effective means to bypass the

impractical approach of creating word-based HMMs. However, to obtain substantially higher accu-
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racy levels context-dependent models have to be employed [23]. The benefit they offer is the ability to

model the spectral variations caused by the co-articulation induced by the phonetic context in which

each phone is spoken. Context-dependent models such as biphones, triphones or cross-word triphones

provide a good level of sound class discrimination. If a context-independent phone sequence is de-

fined by sil sh iy hh ae, the equivalent triphone representation would be sil-sh+iy sh-iy+hh iy-hh+ae.

However, porting the phonemes to triphones leads to an explosion in the number of models. For ex-

ample, if a language contains 45 phonemes then the triphone count would be roughly 453 = 91125. If

we couple the number of triphones with the number of states and mixtures per Gaussian, the models

contain a rather large model parameter count. This rise in model complexity incurs a data shortage

penalty where some models will have no or insufficient data to train on, for realistic distributions of

acoustic classes and corpus sizes.

To overcome the data insufficiency problem Young et al. [24] initially proposed a data-clustering

approach, which finds similar states and collapses each cluster of such states into a single state. This

effectively pools similar data samples and creates a larger training dataset per model. A shortcoming

of the approach is that training examples must exist for state-tying to occur. Thus unseen triphones

are excluded from the tying process and will be excluded from the final model set. To accommodate

the inclusion of unseen triphones, Young [23] introduced a phonetic decision-tree-based clustering

scheme. This approach shows performance levels comparable to that of the data driven technique.

The phonetic decision tree based state-tying requires as input a list of yes/no questions which

make inquiry about the immediate left or right context of a phoneme. A typical question would ask:

“Is the phone context to the right a fricative?”. Generally, broad phonetic classes such as nasals,

vowels, glides, etc. are questioned. To start the tying process, all states are pooled into a root node

and the log-likelihood of the data calculated. At this stage all states are regarded as being tied. The

node is then split by finding the question that results in the largest gain in the log-likelihood. The

splitting process is repeated until the log-likelihood reaches a predefined threshold. To ensure that

each node contains a sufficient data amount an occupation count threshold is also defined which

prevents splitting of nodes with low data counts.

2.2.5 LANGUAGE MODEL

In equation (2.6), the probability of a word or word sequence P (W ) is generally estimated using

a statistical model such as an N-gram language model [13]. The N-gram model provides a method

of estimating the probability of a word wN given the preceding N − 1 words w1, · · · , wN−1. The

advantage of using N-grams are: the probabilities are estimated from text data, encode many language

attributes such as semantics and pragmatics and do not require linguistic knowledge as input [25].

A disadvantage of N-grams is the volume of data which is required to robustly estimate the prob-

abilities. For instance, if an ASR system has a test vocabulary of V words then one would have to

estimate probabilities of V 2 bigrams (2-gram) and V 3 trigrams (3-gram). A small or medium sized

text corpus would in all likelihood have a limited number of training examples for many bigrams and
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trigrams; many acceptable trigrams may not occur in the corpus. Two methods of dealing with this

data sparsity are discounting and backing-off [25].

For the discounting approach, the counts of the most frequently occurring N-grams are reduced

and redistributed amongst the least occurring N-grams. The Back-off method estimates a probability

for an N-gram that has limited training examples, by scaling the relevant N-1-gram probability. The

scaling factor ensures that the N-grams are normalised correctly.

2.2.6 SEARCH

When an unknown utterance is presented to a fully-trained ASR system, the system tries to recognise

the most likely sequence of words by maximising equation (2.6). To do this, the system uses a decoder

to perform a search through all word sequence possibilities. The language model is also used by the

decoder and constrains the search space by weighting more likely word combinations. The HTK

system makes use of the efficient Viterbi algorithm to perform the search [10, 21, 25].

The basis for the Viterbi algorithm is set out in the recursive equation (2.17)

φj(t) = max
i

{φi(t− 1) + log(aij)}+ log(bj(ot)), (2.17)

where φj(t) is the partial log-likelihood of state j at time t, φi(t − 1) is the partial log-likelihood of

state j at time t− 1, aij is the transition probability from state i to state j and bj(ot) is the likelihood

of observation ot given state bj . Given a static network, with observations on a horizontal axis and

states on a vertical axis, the Viterbi algorithm tries to find the best path through the network using

equation (2.17) to update the state log-likelihoods.

The use of static networks in large vocabulary systems is not computationally feasible, as the

networks experience dramatic increases in size with increasing vocabulary. To create a practical

search algorithm, the HTK decoder makes use of pruning and tree-structure networks [21]. To limit

the number of network paths which have to be searched, a path pruning strategy is employed, using a

search beam to discard the least likely paths. Paths whose likelihoods fall below a certain threshold,

measured relative to the most likely path, are removed. To reduce the computational time and space

requirements HTK makes use of tree-structured networks which are dynamically grown and pruned.

Lastly, the HTK decoder implements a token passing algorithm [10, 21, 25] which helps recast

the search problem. The path leading from the start node to any point in the tree can be evaluated

by summing the log probabilities of the state transitions, state outputs and language model. The path

thus can be represented by a movable token which contains the path score and path sequence history.

The algorithm places a single token into the root node. As the input vectors are processed, the tokens

are copied to the connecting nodes and all information updated. If multiple tokens are assigned to a

node, the token with the best scored is retained. After processing all the vectors, the surviving token

with the best score contains the most likely path through the network and thus the most probable word

sequence.
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The packaged HTK Viterbi decoder is a single pass decoder which can utilise variable length

language models and context-dependent phone HMMs.

2.3 DATA HARVESTING AND AUTOMATIC PROCESSING

It is generally known that speech recognition acoustic models (AM) require large amounts of tran-

scribed audio data for robust training [26–29]. Collecting and accurately transcribing the audio data

is an expensive process which is time-consuming and incurs high costs [26–28]. Pre-existing corpora

may be purchased from vendors, such as Linguistic Data Consortium (http://www.ldc.upenn.edu/),

but the corpora costs are generally high, as the aforementioned collection and transcribing costs

must be covered, and the available corpora may not suit the application type [27] – noise conditions,

microphone-type and word coverage.

Most developing-world languages do not have access to readily available corpora [29] which

limits the development of ASR applications [29, 30]. In addition to the costs of collecting and tran-

scribing audio data, developing-world contexts generally lack the necessary infrastructure to facilitate

a collection process [29] – lack of computer networks and first language speakers who possess the

relevant skills and experience.

To overcome the hurdles in developing large-data ASR corpora, automatic methods can be used

to harvest data from alternate data sources. Across the internet there are many sources of transcribed

audio data, in many languages, which can potentially be used for the development of acoustic models.

These sources include audio-visual lecture recordings and broadcast news. Utilising an automatic

method to efficiently collect and process the audio and transcriptions into a suitable ASR corpus can

greatly reduce ASR development costs and hopefully increase the number of deployments of ASR-

enabled applications in the developing-world.

To ensure proper AM training, transcriptions in an ASR corpus must accurately describe the spo-

ken audio. Transcriptions which accompany audio not designed for ASR purposes tend to contain

a rather loose representation of the spoken text. These imperfect transcriptions are referred to as

“approximate transcriptions” [31] and are usually created quickly and cheaply. In the process of pro-

ducing the transcriptions rapidly a number of artefacts are introduced [26]. Generally, the following

information is not found in the approximate transcriptions:

• Speech disfluencies, hesitations, repetitions and grammatical errors indications.

• Non-speech event markings such as music, coughing, respiration, throat clearing.

• Speaker turn identifications.

• Acoustic characteristics information, for instance, noise levels and background music or

speech.

In addition, due to the speed of transcribing, many errors are present in the transcriptions such

as word insertions, deletions, substitutions, order switching and non-transcribed portions. Given the
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errors which are commonly found in these transcriptions, one might be dissuaded from using these

audio sources. However, the abundance of such data (which is large compared to ASR standards)

makes it an attractive option to process the data and select accurately-transcribed portions, to build a

usable ASR corpus. To select reliable data portions, the transcriptions need to be time-aligned to the

speech and to this end several automatic methods have been proposed.

Hazen [31] developed an automatic procedure to correct approximate manual transcriptions

sourced from lecture recordings provided by the MIT OpenCourseWare initiative. As pointed out

by Hazen [31], it is far more efficient to process approximate transcriptions which are generally

produced at speeds 3 to 5 times real-time than to invest in highly accurate transcriptions which are

produced in the order of 50 times real-time. The proposed automatic approach performs the following

tasks:

• The audio data is passed through a speech-recognition system. The ASR system uses a hy-

brid trigram language model which is a combination of a generic model and the manual

transcription-specific language models. After decoding the data, two word anchor points are

found in text which are determined by correlations between the manual and recognised tran-

scriptions.

• Using the anchor points, forced alignment is performed on text occurring between the anchor

points. The forced alignment is termed “pseudo forced alignment”, since the process is allowed

to insert and substitute phoneme fillers during the alignment.

• An editing phase is run where audio portions that have been marked with insertion, substitution

and deletion are passed through a speech recogniser to identify the most probable words.

Using the automatic alignment procedure, outlined above, an ASR system trained on the lecture data

managed to reduce the error rate from 24.3 % to 8.8 %.

Moreno et al. [32] proposed an iterative procedure which converts the problem of aligning large

audio utterances into a recursive speech recognition task. Initially, a language model is trained on

the entire transcription and then audio is decoded using the language model and a large-vocabulary

ASR system. Next, a dynamic programming approach is followed to globally align the decoded text

and the transcription. From the alignment, anchor points are found which confidently show agreement

between the decoded and manual transcriptions. The utterance is then split into aligned and unaligned

portions based on anchor points. The described process is then repeated for each unaligned segment

– at each stage the language model is retrained on the text that occurs within the segment. The results

showed that after running the automatic alignment procedure 98.5 % of the words were within 0.5

seconds of their true alignments.

Lamel et al. [26] approached the problem of automatically training acoustic models by defining

a lightly-supervised technique. The first step is to normalise all text sources into a consistent format

which is then used to train an n-gram language model. The text sources include the approximate

SCHOOL OF ELECTRICAL, ELECTRONIC AND COMPUTER ENGINEERING 15



CHAPTER TWO BACKGROUND

transcriptions plus any additional text sources which have similar characteristics. Next, a data seg-

mentation task is performed which partitions the raw audio data into homogeneous segments. Each

audio segment has the same audio attributes such as speaker, gender and bandwidth. To facilitate

automatic audio transcribing of the raw training audio an acoustic model set is needed. These models

can be sourced from pre-existing acoustic models or trained using data from the audio source. If new

models are trained, only an hour or less of manually annotated data is needed. The acoustic models in

conjunction with the topic-dependent language models are used to generate automatic transcriptions

for the raw training data. After generating the transcriptions a data filtering phase can be run which

filters the data by checking the alignments between the approximate and automatically generated tran-

scriptions. Data segments are removed where there is a disagreement between the transcription pairs.

The remaining data which survives the filtering process is used to develop new acoustic models. The

sub-process from generating automatic transcriptions to training new acoustic models is iterated over

a few times to improve the transcription quality and produce better acoustic models.

As mentioned previously, the audio collected from uncontrolled environments may contain speech

disfluencies (repeats, repetitions and hesitations) and other non-speech events (noise, lip smacks,

breathing). Although not used in the alignment of approximate transcriptions ten Bosch and Boves

[33] showed that garbage models could be used to absorb the speech anomalies and improve ASR

accuracy.

2.4 NORMALISATION AND ADAPTATION

Speech-recognition systems lose accuracy when there is a mismatch between the acoustic models

and testing data. To reduce the mismatch, feature normalisation and model adaptation techniques are

employed.

2.4.1 FEATURE NORMALISATION

Some of the earliest work on environmental adaptation was performed by Moreno and Stern [34], who

showed that matching the bandwidths of the mismatched data can improve the results considerably

for adaptation between the TIMIT and NTIMIT corpora (which we describe in more detail below).

This can be achieved by bandpass filtering the audio signal or if a filterbank-style spectral analysis is

performed on the audio, the filterbank can be band limited to the appropriate spectral region.

If the feature vector is cepstral-based, the simplest normalisation technique is Cepstral Mean

Normalisation (CMN) or Cepstral Mean Subtraction (CMS) where an average cepstral vector is sub-

tracted from the individual cepstral vectors. The average is usually calculated over an utterance or

segment but speaker-based or corpus-wide normalisation are also possible. This technique removes

static (time-invariant) components in the cepstra, which (over a sufficiently long time window) are

primarily caused by the static characteristics of the speaker and the recording environment. A logi-

cal extension is cepstral variance normalisation, which is applied after mean normalisation. Cepstral
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mean variance normalisation (CMVN) transforms the mean to zero and the variance to one for a set of

cepstral vectors. Chen and Bilmes [35] added an auto-regression moving average (ARMA) filtering to

the CMVN process, referring to the combination as MVA. The ARMA filtering limits the modulation

spectrum of cepstral vectors to speech-like characteristics. MVA showed gains in system accuracy

for highly-mismatch conditions [35].

Similar to cepstral-based filtering, it is possible to remove non-speech artefacts by log spectral

subtraction as shown by Gelbart and Morgan [36]. In their investigation, they tried to improve the

performance of ASR systems which were used in reverberant environments by subtracting a long-

term spectral average from a spectral analysis frame. The long-term spectral average was estimated

on ten windows before and after the current spectral analysis frame. The results showed that their

log spectral subtraction performed better when the average log spectrum was estimated on speech

segments about 12 seconds long, with analysis windows of one to two seconds in duration.

The cepstral vectors can also be processed in a non-linear manner as shown by Segura et al. [37]

who experimented with cepstral-domain Histogram Equalisation (HEQ). This technique transforms

the cepstral vectors into a domain which is less affected by the channel distortion. The results obtained

in a multi-conditioned scenario all improved on the baseline, but were comparable to CMVN results.

2.4.2 MODEL ADAPTATION

Maximum Likelihood Linear Regression (MLLR), proposed by Leggetter and Woodland [38], pro-

vides a means to update acoustic models without having to retrain the models. The initial imple-

mentation performed mean-only adaptation and was applied to speaker adaptation. The technique

estimates a set of linear-regression matrix transforms which are applied to the mean vectors of the

acoustic models. To determine the transform matrix, M, an adapted vector µ̂ is defined as;

µ̂ = Mξ, (2.18)

where M is the n × (n + 1) transformation matrix and ξ is the n + 1 extended mean vector ξ =

[b, µ1, ..., µn]. b in the first position of the extended mean vector is set to one if an offset is to be

estimated or zero to ignore the offset. The parameters of the transformation matrix M are estimated by

maximizing the auxiliary function used in the Expectation-Maximisation (EM) algorithm derivation.

The mean values in the auxiliary function are replaced by the adapted mean given in equation (2.18)

and the function is optimised in terms of transformation matrix parameters.

Gales and Woodland [39] extended the framework to include variance adaptation. The covariance

matrices in the acoustic models are transformed into adapted covariance matrices given by

Σ̂ = B
T
HB, (2.19)

where H is the transformation matrix, B is the inverse of the Cholesky factors of the inverse co-

variance matrix, Σ−1 (Σ−1 = CC
T and B = C

−1). Similar to the mean transform parameters’
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estimation, the auxiliary function is optimised in terms of the variance transform H to determine the

parameters.

The MLLR adaptation technique utilises a regression class tree to ensure proper parameter esti-

mation. The regression class tree defines a set of classes which contain similar acoustic models. The

build process employs a centroid-splitting algorithm [10] which creates the tree by performing the

following steps:

• Select a terminal node. The root node contains all acoustic models initially.

• Calculate the parent node’s overall mean and variance based on the acoustic models associated

with the node.

• Split the node in two and assign perturbed means to the child nodes.

• Iterate over the acoustic model components, clustered to the parent node, and assign them to

one of the child nodes based on the Euclidean distance.

• Update the child’s means and variances after all the components have been assigned.

• Repeat the reassignment process using the new means and variances until assignments have

stabilised.

• Continue the entire process until the defined number of nodes have been reached.

Gauvain and Lee [40] proposed the use of a Maximum a posteriori (MAP) measure to perform

parameter smoothing and model adaptation. The MAP technique differs from Maximum Likelihood

Estimation (MLE) by including an informative prior to aid in HMM parameters adaptation. The

results for speaker adaptation showed that MAP successfully adapted speaker-independent models

with relatively small amounts of adaptation data compared to the MLE techniques. However, once the

adaptation data grew large enough MAP and MLE delivered the same performance. In this adaptation

scenario, the speaker-independent models served as the informative priors.

Gales [41] introduced semi-tied transforms with the goal of better decorrelating the feature vec-

tors and improving ASR accuracies. The technique is model-based and uses MLE to determine the

decorrelating matrix transforms. A regression class tree is used to create data groups and the trans-

formation matrices are estimated for these groups. The semi-tied method replaces a model’s diagonal

covariance matrix by a semi-tied covariance matrix given by

Σ̂ = HΣdiagH
T , (2.20)

where H is the semi-tied transform matrix and Σdiag is the model diagonal covariance matrix. To de-

termine the transformation parameters, an auxiliary function (based on the expectation-maximisation

approach) is optimised in terms of the transforming parameters which leads to a set of iterative equa-

tions. Numerical methods are employed to solve for the parameters.
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Lastly, acoustic model adaptation techniques can be used in either a supervised or unsupervised

mode. In a supervised setup, the adaptation technique makes use of hand normalised transcriptions

while in a unsupervised mode the adaptation approach uses automatically generated transcriptions

usually created by using a speech recognition system.

2.4.3 MODEL ADAPTATION AND ADAPTATION DATA AMOUNT

Leggetter and Woodland [38] showed that for a speaker adaptation task and using a single MLLR

global transformation matrix, the improvements in word error rate only began after approximately

11 s of speech (3 adaptation utterances) were used to estimate the transform and saturated at about

15 adaptation utterances. They suggest increasing the number of transformation classes, to achieve

better performance gains, but the number of classes must be chosen with care as sufficient data is

needed to produce robust estimates.

Gauvain and Lee [40] managed to achieved significant improvements in word error rates using

MAP adapted models compared to MLE trained models. In their experiments they used three model

types: (1) speaker-dependent (SD) models trained on a specific speaker’s data only using MLE train-

ing, (2) speaker-adapted models (SA-1) which were created by MAP adapting a speaker-independent

model – a model trained on data sourced from many speakers –, and, (3) a second set of speaker-

adapted models (SA-2), created by MAP adapting gender-dependent models – models trained on

female or male data only. At two minutes of training / adaptation data, the word error rates (WER)

for the various models were SD 31.5 %, SA-1 8.7 % and SA-2 7.5 % and at five minutes the WER

were SD 12.1 %, SA-1 6.9 % and SA-2 6.0 %. At thirty minutes of data the models produce sim-

ilar results, around 3.5 % WER. The two and five minutes results show that the MAP adaptation

effectively produces robust speaker-adapted models on sparse data.

Goronzy and Kompe [42] evaluated a speaker adaptation approach using a modified version of

MLLR, normal MAP and a combination of the two to improve a system’s sentence error rate. The

modified MLLR technique uses a MAP approach to update the means by assigning a new mean

which is calculated by weighting the previous and newly estimated means – the weights are dynami-

cally estimated based on the amount of adaptation data seen. The speech database contained German

commands which are used to control consumer devices – thus, a small-vocabulary application. Com-

paring the system accuracy improvements obtained by utilising MLLR, MAP and MLLR plus MAP

and incrementally adding more adaptation data, the MAP plus MLLR techniques only started provid-

ing the best accuracies at about 100 utterances, while MAP surpassed MLLR at about 125 utterances.

Wang et. al. [43] investigated the improvement of speech recognition systems utilised in pro-

cessing non-native speech data. The methods which they investigated were bilingual models, speaker

adaptation, acoustic model interpolation and polyphone decision tree specialisation. For the experi-

ment which made use of the speaker adaptation techniques, MLLR and MAP were used to adapt the

acoustic models and reduce the mismatch between the German acoustic models and German speech

data generated by non-native speakers. The MLLR transforms and MAP adaptations were estimated
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on increasing amounts of adaptation data starting from seven minutes and concluding at 52 minutes.

The experiment further investigated the effect the adaptation data composition had on adaptation

performance. This was done by using data from a set or varying number of speakers. The results

show that the MLLR transform estimated on the fixed-speaker dataset perform better compared to the

MLLR transform estimated on the varied-speaker dataset for data amounts less than 42 minutes; after

that, the performances were similar. The MAP adapted acoustic models, using the varied-speaker

dataset, initially performed worse compared to both MLLR approaches but produced better gains

after the 17 minute adaptation data mark. The fixed-speaker MAP adapted acoustic models con-

sistently performed better than the MLLR transforms and provided a gain over the speaker-varied

MAP adapted acoustic models until 42 minutes of adaptation data where after the performances were

comparable.

Caon et. al. [44] made use of a 20-fold cross-validation approach to investigate supervised acous-

tic model adaptation using maximum-likelihood (ML) training, MAP adaptation and MLLR trans-

forms. The seed acoustic models were trained on 40 hours of French broadcast news audio data. The

adaptation corpora contained speech collected from non-native speakers and comprised three data

types, namely, read, interview and distressed speech. The adaptation data was split into four separate

corpora: single speaker read speech (SDR), single speaker female interview speech (SDIf), single

speaker male interview speech (SDIm) and a 21 speaker distressed expression speech (FDE). The

SDR corpus contained 162 utterances and 1572 words, SDIf and SDIm contained 103 utterances and

512 words each, and, FDE contained 2646 utterances and 10080 words. The phone error rate (PER)

results showed that for the SDR and FDE corpora the order of improvements for the various adapta-

tion approaches were (in order least to most): MLLR, MAP, ML not updating transition probabilities

and ML updating transition probabilities. For the SDIf and SDIm corpora using ML training pro-

duced results which were worse compared to non-adapted models. The MAP and MLLR adaptation

performed better compared to the non-adapted models but MLLR produced a slightly lower PER for

the female corpus (SDIf) while for the male corpus (SDIm) MAP obtained a lower PER compared to

MLLR.

Wallace et. al. [45] investigated various supervised and unsupervised adaptation techniques to

improve automatic transcription generation using speech recognition to extract transcriptions from

telephony-quality audio data. Their experiments focused on speaker-dependent adaptation. The su-

pervised adaptation experiments used hand normalised transcriptions while the unsupervised adapta-

tion approach used transcriptions generated by the baseline non-adapted acoustic models. The super-

vised techniques showed continued word error rate reductions for the following order of adaptation

techniques: global MLLR, regression tree MLLR, MAP, cascaded global plus regression tree MLLR,

and, cascaded global plus regression tree MLLR plus MAP. For the unsupervised adaptation experi-

ments the order is somewhat different: global MLLR, MAP, regression tree MLLR, cascaded global

plus regression tree MLLR, and, cascaded global plus regression tree MLLR plus MAP. The unsu-

pervised experiments highlights the sensitivity of MAP to inaccurate transcriptions and robustness
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of the MLLR approach. The adaptation amount experiments, which used 10, 30 and 60 minutes of

adaptation data, showed for both supervised and unsupervised adaptation, the global MLLR approach

could not provide further performance gains after 30 minutes of data. The cascaded global plus re-

gression tree MLLR and cascaded global plus regression tree MLLR plus MAP showed continued

improvements as more adaptation was data added.

Bocchieri et. al. [46] proposed the use of several approaches to adapt out-of-domain acoustic

models to an in-domain application. Two corpora were created by recording data from two spoken-

language customer assistance applications referred to as “OpServ” (out-of-domain) and “CustCare”

(in-domain). Utterances were selected from the in-domain corpus to construct two adaptation

datasets, one containing approximately 2 hours of speech data and the other containing about 9 hours.

They showed that MAP adaptation of the out-of-domain acoustic models using both adaptation sets

produced better accuracies compared to that of MLLR adaptation. Retraining models using 2 hours

of in-domain data and all the out-of-domain data produced better accuracies than just adapting the

out-of-domain models using the 2 hours of data. Similarly, retraining models using only the 9 hours

of in-domain speech provided the best accuracies compared to all adaptation and training in- and out-

of-domain combinations. Interestingly, a slight increase in performance was achieved by adapting

the retrained in-domain acoustic models using out-of-domain data – the acoustic models’ state output

densities are smoothed thus producing better results. To further improve the in-domain acoustic model

accuracies, out-of-domain mixture components, obtained from out-of-domain acoustic models, were

merged with in-domain acoustic models. This final hybrid model produced the best result.

Lastly, Bocchieri et al. [46] described a strategy to port existing acoustic models to new applica-

tions. The approach for increasing amounts of in-domain data t is (adapted from [46]):

• If 0 < t < tmllr use out-of-domain acoustic models,

• If tmllr < t < tmap use MLLR adapted out-of-domain acoustic models.

• If tmap < t < tcntx use MAP adapted out-of-domain acoustic models.

• If tcntx < t < tnew retrain acoustic models on in-domain and out-of-domain data (building

context-trees on in-domain data).

• If tnew < t retrain acoustic models on in-domain data.

The authors speculated that the transition values tx are application-specific and depend on factors

such as triphonic contents of the in- and out-domain data. For the “OpServ” and “CustCare” corpora

Bocchieri et al. [46] found that tmap was below 1500 utterances (2 hours), tcntx was around the 1500

utterance count and tnew was between tcntx and 6000 utterances (9 hours). No value was given for

tmllr as MLLR and MAP were only compared on 1500 and 6000 utterances – MAP performed better

on both datasets. Using 6000 in-domain utterances the, MAP adaptation increased the accuracy of

the out-of-domain acoustic models from 60.1 % to 64.9 % while retraining the models on the same
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data improved the accuracy from 60.1 % to 66.1 %. Retraining on the 6000 in-domain utterances

and then applying MAP adaptation using the out-of-domain data resulted in an overall accuracy of

66.2 %. Finally, training acoustic models on the 6000 in-domain utterances and adding mixture com-

ponents obtained from acoustic models trained on out-of-domain data, provided the best performance

at 67.3 %.

2.5 TEXT SELECTION

It is generally assumed that large amounts of audio data are needed to train truly robust acoustic

models. But as more data is added to large training sets, the observed gains in accuracy tend to become

smaller, which implies that the data contains redundant information [7, 47, 48]. Moore [48] showed

that, for HMM-based ASR systems, there is a linear relationship between the word error rate (WER)

and the logarithm of the training data amount. In addition, different experimental configurations

influence the starting WER but not the slope of WER decreases across training data amount. Based on

the results, it would seem to show that the vocabulary and language model used during the recognition

phase play an important role in determining the starting WER. Thus, the question on enough data

really depends at which WER level you would want to operate the ASR system and the constraints

on the resource investment. Using linear extrapolation Moore [48] showed hypothetically, that for a

particular ASR system, training data in the range of 3,000,0000 – 10,000,000 hours would produce

an effective WER of 0 %. Similarly, an ASR using another configuration would require 600,000

– 800,000 hours of speech data to achieve a 0% WER. Collecting such data amounts does seem

impractical and due to the logarithmic relationship between training data amount and WER, simply

adding more and more data does not seem to be a plausible solution when trying to achieve lower

WERs.

Wu et. al. [7] and Nagorski et. al. [47] have shown, however, that it is possible to select a smaller

sub-corpus from a large corpus and train ASR models which provide performance comparable to that

of models train on all the data. Thus, with proper data selection, a sub-corpus can be created which

contains sufficient data variation to produce robust ASR models.

Wu et. al. [7] proposed a maximum entropy principle data selection algorithm that would select a

sample of the data from a larger corpus which was motivated to reduce training time but still provide

robust ASR acoustic models. Their selection criteria were based on sampling the data to create a

corpus which approximately contained uniform counts for either words, words plus characters or

words plus phones. The greedy selection algorithm was employed to select the units and used a

maximum entropy principle to guide the selection. Wu et. al. [7] argued that this type of data selection

produced an optimal acoustic model training approach. Their results showed for 150 hours of data

the random selection obtained 25 % error rate while the uniform word plus phone selection achieved

an error rate of 24.4 %. Interestingly, training on 840 hours only achieved an error rate of 24.3 %.

They also showed that selecting by word distributions at 30, 50, and 100 hour training data intervals,

the maximum entropy selection performed on average better than a random selection.
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Nagorski et. al. [47] proposed an optimal data selection algorithm to select a small data subset

from a larger corpus that would effectively represent the entire data statistics. The motivation in se-

lecting a sub-corpus was to reduce training times. Their selection algorithm performed the following

tasks:

• Create a 810-dimensional utterance supervector (18 phones × length 15 static MFCCs × 3

HMM states). The supervector is created by firstly, calculating, on a per utterance basis, the

average of the static cepstral coefficients per HMM state – state alignments are determined

by forced alignment. Then, for each of the eighteen context-independent phone HMMs (three

states per HMM), the state’s average cepstral vectors are appended. Finally, the appended

HMM cepstral vectors are combined to form the supervector.

• Apply Principal Component Analysis (PCA) to reduce the 810-dimensional supervector to 48-

dimensional vector.

• Use K-means clustering to cluster the reduced vectors into a phone-specific number of clusters.

• Select a pre-defined number of supervectors which are close to the cluster centroids and add

the associated utterances to the training corpus. Adjusting the number of selected supervectors

determines the size of the training corpus.

The results show that, for limited-data applications, their optimal selection algorithm outperforms

random selection consistently. However, as more and more data is added the randomly selected

utterances produced a performance which approaches the optimal selection performance.

An important concept for corpus design is coverage, highlighted by van Santen and Buchsmans,

[49], which plays a large role in determining the corpus suitability for specific ASR applications. An

ASR system will perform poorly if the training and testing unit distributions are vastly different – for

instance training a digit recognition system to perform a proper name recognition task. The impact

of unit distribution dissimilarity can be overcome if one limits the training and evaluation sets to be

extracted from the same data source. It is to be expected that the training and evaluation distributions

should tend to be similar given large data amounts. But if this is not possible a selection process

is needed to reduce the unit distribution differences. As highlighted in [49], two possible selection

criteria are to (1) cover all units or (2) base the coverage on unit frequencies. Each has associated

weaknesses: for full unit coverage, it becomes difficult to limit the total size of the corpus while trying

to include all rare units, and for selection based on unit frequencies, unit frequencies for sub-domain

texts are typically quite varied.

Assuming one has a target unit distribution, Gouvea and Davel [50] showed the importance of

matching the training and evaluation distributions and that the KL-divergence metric is an effective

data selection tool. In their ASR-specific experiments, they designed a few target n-gram distribu-

tions (representing target domains) by randomly selecting utterances, from an evaluation dataset, to

generate a set of target n-gram distributions and then created the target distributions by selecting 500
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utterances which had similar n-gram distributions. Then, to train ASR systems, a 1000 utterances

were selected from a training dataset using one of three selection criteria: (1) selecting to match

the target distribution, (2) uniform n-gram selection, and, (3) random selection. In addition, KL-

divergence selection was performed on unigrams and trigrams. Their results showed that the targeted

distribution ASR systems performed better compared to random and uniform selection and interest-

ingly, the random selection performed better than the uniform selection. Lastly, the trigram selection

proved a better choice compared to unigram selection.

2.6 CONCLUSION

In this chapter we discussed prior research pertaining to the body of work captured in this thesis.

Importantly, the majority of experiments performed in this research utilised automatic speech recog-

nition systems and the particular system design choices used will be described in more detail in the

subsequent chapters. Our particular data harvesting approach, which employed several of the ideas

described above as well our own innovations, will be discussed further in the Chapter 3. Chapter

4 provides a comparison of current feature normalisation and model adaptation methods and high-

lights the data dependence of each technique, again extending and reflecting on similar findings in

the literature. Lastly, speech recognition corpus creation and optimal data selection for improved

ASR performance will be presented in Chapter 5; we introduce a novel approach in which the se-

lection criterion is based on unit accuracies given the number of training examples, rather than an

approximation of the full-data statistics.
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CHAPTER THREE

DATA HARVESTING FOR RESOURCE-SCARCE

ENVIRONMENTS

3.1 INTRODUCTION

As highlighted in section (2.3), using automatic methods to harvest audio and process their approx-

imate transcriptions is an efficient and relatively cheap method that can be utilised to create new

ASR corpora. This specific task has received significant attention for well-resourced languages and

has been shown to be effective in processing broadcast news and lecture transcriptions, as shown

in [26, 31]. To apply these techniques effectively, however, one does require suitable and robustly

trained ASR systems and language models as shown by Meng et. al. [28]. In under-resourced envi-

ronments this is generally not a valid assumption, as many developing-world languages do not have

such resources available.

Therefore, the main goal of this research is to investigate whether it is feasible to create an ASR

corpus, for an under-resource language, by harvesting an audio source, which provides audio data and

accompanying approximate transcriptions, without having access to directly relevant ASR resources.

In addition, the automatic method should be developed with the constraint that the approach does

not require extensive manual intervention. This constraint is imposed since many developing-world

contexts do not have the necessary language processing expertise, as highlighted by Barnard et. al.

[29].

To narrow the scope and focus the research task, we will develop an ASR corpus for broadband

South African English (SAE) and build a recogniser using the harvested audio data. SAE is classified

as a resource-scarce dialect of English and is significantly different from major English dialects such

as American or British English. These dialect differences do present substantial recognition chal-

lenges [29] and provides a motivation to develop resources for SAE. Furthermore, the research will

25



CHAPTER THREE DATA HARVESTING FOR RESOURCE-SCARCE ENVIRONMENTS

focus on harvesting a corpus of audio data which is accessible to the public via a website and that

provides approximate transcriptions.

In addition, our research will focus on:

• investigating a number of approaches which require varying amounts of manual intervention,

• exploring the ASR development process in such a domain, and

• establishing if good recognition results are possible given limited manual intervention and lim-

ited ASR processing skill.

In this chapter we describe the chosen SAE wideband broadcast source in section (3.2) and in sec-

tion (3.3) we highlight the steps needed to correctly pre-process the data. In section (3.4) we elaborate

the iterative harvesting technique and describe the resource creation process needed to successfully

apply the harvesting technique. The final corpus design and post-processing algorithms are described

in section (3.5). The experimental setup for various experiments can be found in section (3.6). Fi-

nally, in section (3.7), we present the results and make concluding remarks concerning the work in

section (3.8).

3.1.1 PUBLICATION NOTE

This work was done in collaboration with Etienne Barnard, Marelie Davel and Charl van Heerden.

The chapter is based on the joint conference paper “Efficient harvesting of Internet audio for resource-

scarce ASR” [51]; the current author was involved in all aspects of that work, and had primary re-

sponsibility for all tasks related to data pre-processing and the creation and verification of manual

transcriptions.

3.2 MONEYWEB DATA SOURCE

Nowadays internet broadcasts are commonplace, with news providers and radio stations uploading

podcasts of their shows for the general public to access at their convenience. Sometimes, text tran-

scriptions accompany the audio which allows a greater reach of the broadcast, for example, for per-

sons who prefer the written format or who live with disabilities. Internet sources which contain audio

and transcriptions provide a good starting point for the creation of a speech corpus. As the SAE

dialect is currently classified as resource-scarce, any readily available data source which could aid in

the growth of the language resources would prove to be most beneficial.

We investigate one such source, namely MoneyWeb, which is accessible from the internet address

www.MoneyWeb.co.za. The producers of the show upload podcasts of the broadcasts and include an

accompanying approximate text transcription (an imperfect transcription suitable for human reading).

The contents of the podcasts are limited to financial, business and investment news topics and the style

of the audio varies from interviews, with in-studio as well as phone-in guests, to read news reports.
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The audio also contains music usually played at the introduction and conclusion of the shows and

advertisements which may be completely spoken or contain a musical component.

3.2.1 AUDIO DATA

The audio is provided in the MPEG Audio layer III (MP3) lossy compression format [52]. Due to

the compression scheme used and the recording environments, the audio quality is variable. The

general recording sample rate is set at 44.1 kHz, but a few audio files have varying sample rates. The

audio format is duplicated stereo meaning the two channels are identical. The recording file name

convention is represented as YYMMDD-NN.MP3, where YY are the last two digits of the year, MM

is for the month, DD is for the day and NN is the broadcast number for the day of recording.

The content of the audio is quite varied and contains different speaking styles and dialects, as well

as music and other non-speech events. The recordings contain a mix of spontaneous and read speech

and depending on the speaker the speech is either well articulated or marred with many disfluencies.

The disfluencies encompass false starts, repetitions, fillers and repaired utterances. In addition, given

the nature of radio interviews many recordings contain varying levels of speaker overlap and large

portions of the audio contain low-bandwidth telephone-quality speech.

3.2.2 TEXT DATA

The transcription for a podcast can be obtained by following a hyperlink to the desired podcast, which

forwards the user to a web page containing a link to the audio and a hypertext formatted transcription.

A registered subscriber may obtain a copy of the transcription via email. The text contains a speaker

tag at the beginning of a paragraph in bold font and terminated by a colon e.g ALEC HOGG:. Ideally,

automated tools could be used to download the podcasts and capture the text from the website, as

manually sourcing the data is a time-consuming task; however, for our exploratory experiments, we

did not invest in the development of such tools.

The quality of the text content can be consider to be “professional”. This means that the text

typically does not have speech disfluencies indicated, the text contains a small fraction of spelling

errors, speaker errors such as grammar mistakes are repaired (without such repair being indicated in

any way) and are rife with transcriber inconsistencies (ambiguous date representations and numerical

financial quantities).

3.2.3 INITIAL MONEYWEB CORPUS

Over the course of a couple of months, a few members of the Meraka Human Language Technologies

(HLT) research group downloaded MoneyWeb podcasts and the corresponding transcriptions from

broadcast years spanning 2008, 2009 and 2010. Table 3.1 shows a breakdown of the downloaded data

by year.

Following the collection of the MoneyWeb data, the corpus was randomly partitioned into four
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Table 3.1: Initial MoneyWeb corpus broken down by year of broadcast.

Year # of recordings

2008 260

2009 268

2010 835

Total 1363

sections, namely, training, manual training, development and evaluation. Splitting a corpus into a

training, development and testing sets is a standard practice in corpus design. We added an additional

class, manual training, which was used to evaluate how much manual effort is needed in processing

a raw set of audio recordings and transcriptions compared against automated techniques. Table 3.2

shows the partitioned corpus make-up, indicating the original size of each set in hours and the number

of audio files per set.

Table 3.2: Partitioned MoneyWeb corpus. Sizes are in hours.

Data Set # of hours # of files

Training 99.9 1083

Manual Training 13.8 185

Development 2.7 45

Evaluation 3.8 50

Total 120.2 1363

It must be noted that the speaker distribution of the MoneyWeb data is highly skewed towards

the interviewers, news readers and frequent guests. The proportion of audio data contributed by fre-

quently occurring speakers far outweighs the overall contribution of all other speakers combined.

This is in contrast to specifically designed speech recognition corpora which, as a design criterion,

try to balance different speaker contributions. Additionally, speech corpora ensure mutually exclu-

sive speaker sets which form the training, development and evaluation sets. Given the nature of the

MoneyWeb data, these criteria would be impossible to achieve. Fortunately, they are also irrelevant

to our primary purpose, which is to boost the language resources in a resource-scarce environment. It

would be easy to return to strict design criteria once sufficient data amounts have been collected.

3.3 DATA PRE-PROCESSING

In this section we describe the pre-processing methods and tools which were used to clean up the raw

audio and text data and transform the data into a consistent format. The pre-processing involves the

following tasks:

• audio normalisation,
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• text normalisation, and,

• missing pronunciation prediction.

3.3.1 AUDIO NORMALISATION

As stated above, the MoneyWeb audio data are available in a MP3 lossy compression format. For

the HTK toolkit to process the audio files, we used Sox, an audio manipulation application [53], to

transform the audio into the standard Microsoft WAVE RIFF format [54] which used signed 16 bits to

represent each sample. Given that there were a varying number of sampling frequencies present in the

audio data a down-sampling process was applied to the data which involved applying a low pass filter,

with a steep cut-off at 8 kHz, and then re-sampling to 16 kHz. As most of the audio data was recorded

in a studio environment, no amplitude normalisation was performed on the data (it was assumed the

audio normalisation would be performed by the studio recording equipment). Finally, the audio files

were mixed down to a single channel per file which simply meant discarding one of the channels. This

option was taken after visually inspecting several audio files which revealed that the stereo channels

were identical. In future a more robust audio normalisation process should be implemented which (1)

performs clip-detection to ensure proper volume normalisation and basic audio quality control and

(2) to detect if one of the stereo channels is missing and rather select the channel which has audio

data to construct the mono channel version.

3.3.2 TEXT NORMALISATION

The initial text normalisation phase implemented a basic level of processing which was performed

to reformat the raw transcriptions into a consistent format. The raw downloaded transcriptions were

altered by converting all words to their lower case representations, removing speaker tags and punc-

tuation, removing spurious text which was identified by *, = or comment (#) letters and collapsed

paragraphs spread across multiple lines. The final format of the processed text file placed the text

from a speaker turn on a single line.

3.3.3 PRONUNCIATION DICTIONARY

The final stage of the pre-processing phase was missing pronunciation prediction. Given the nature

of the MoneyWeb text data and the fact that no large SAE pronunciation dictionaries are currently

available, an automated pronunciation prediction scheme was used. The chosen technique was a

grapheme-to-phone (g2p) prediction approach based on the popular Default&Refine paradigm. Eval-

uation of this method can be found here [55]. The rules for the Default&Refine process were extracted

from an in-house SAE dictionary [56] which itself was bootstrapped from the British English dictio-

nary, OALD.

To predict a pronunciation for an unknown word, the input words must contain only graphemes

which were present at the time of extracting prediction rules. The MoneyWeb data however, contains
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many numerical and financial oriented terms e.g. 20th, 2009, $5/ounce, 245c/share. Thus, an addi-

tional round of normalisation was needed to convert the numerical and financial terms into words. An

in-house token normalisation software package, developed by the HLT TTS group, was modified and

used to perform the necessary normalisations. The conversions are performed given a lookup table

of rule-based regular expressions and matching tokens to the closest rule. The modifications were

necessary to deal with the financially-oriented numerical values. Table 3.3 shows a few examples of

token normalisation which converts tokens to word-level equivalents.

Table 3.3: Token normalisation process converting numerical values to word equivalents.

Raw text token Equivalent words

170kg one hundred and seventy kilograms

400000oz four hundred thousand ounces

irp5 i r p five

$870 eight hundred and seventy dollars

Once the tokens have been converted to their word-level equivalents, the g2p algorithm can predict

pronunciations for out-of-vocabulary words. After the prediction phase has completed, the pronunci-

ations can be mapped to the tokens as they would appear in the text. Table 3.4 shows the number of

unique words and number of words without dictionary pronunciations by MoneyWeb corpus set type.

Table 3.4: The number of unique words and words which did not have dictionary pronunciations for

each MoneyWeb set.

Data Set # of unique words # missing pronunciations

Training 18508 3776

Manual Training 8454 1197

Development 3653 321

Evaluation 4404 426

Total 19566 4387

The pronunciation prediction can be fully automated and provides a quick means to easily sup-

plement the corpus with new text. On occasion the text contains missing graphemes which prevents

the g2p from predicting a pronunciation. In such cases manual pronunciations have to be generated.

3.4 ITERATIVE HARVESTING

Our data harvesting approach was similar to the “lightly supervised acoustic training” technique pro-

posed by Lamel et. al. [26] which is roughly made up of three steps (1) data segmentation, (2)

word-based alignments and (3) filtering. Our approach, however, differs in that we do not require

the data segmentation step to partition the data into homogeneous data segments. We instead relied
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on a garbage model (detailed in section (3.4.4)) which was utilised during the alignment and filter-

ing phases. Using this method of processing freed us from requiring word recognition outputs and

language models which are needed by the “lightly supervised acoustic training”. Lastly, we did not

use dynamic programming to filter the data, as used by Lamel et. al. [26], but relied on a time-based

filtering scheme which was enabled by the garbage model. We only made use of our DP filtering

approach during the final corpus creation (see section (3.5)).

The approximate MoneyWeb transcriptions contain no timing information with which to align text

portions to the audio. Fortunately, phone recognisers provide a means to obtain alignment information

which can be used to extract the speech segments. The challenge in a resource-scarce environment

is how to develop robust acoustic models for the task. Two approaches are to (1) source the data and

train acoustic models from scratch, or, (2) adapt existing acoustic models to improve their robustness.

An appropriate confidence measure is needed to give an indication of badly aligned segments

and by discarding these “bad” segments we can improve the phone recogniser acoustic models. With

better alignments and a robust data filtering technique we can develop a final corpus which contains

reliable audio-transcription pairings.

3.4.1 PUBLICATION NOTE

This section reports on work that was done in conjunction with Marelie Davel and Charl van Heerden.

Marelie Davel implemented the dynamic programming filtering algorithm detailed in section (3.5.1)

and Charl van Heerden implemented the garbage modelling process described in section (3.4.4).

3.4.2 BOOTSTRAPPED ACOUSTIC MODELS

One way to generate acoustic models is to bootstrap models from a well-resourced language or dialect.

The US and UK dialects of English are well-resourced and either could provide a good starting point

from which to bootstrap acoustic models for South African English. Given that we had access to a

high-quality read speech US English corpus, the Wall Street Journal (WSJ) corpus [57], we decided

to use this corpus to train our initial acoustic model set.

Our phone recognition system was a cross-word tied-state context-dependent recogniser. Three

state left-to-right Hidden Markov Models were used to model the triphone contexts and each state was

modelled using eight Gaussian mixture models. The model parameters are estimated using the Baum-

Welch algorithm. The acoustic data was mapped onto a Mel Frequency cepstral coefficient feature

space using a 39 dimensional feature vector. The feature vector comprised 13 static, 13 first derivative

and 13 second derivative coefficients. Cepstral mean normalisation of the static coefficients was

applied on a per utterance basis. Semi-tied transforms were estimated for 40-classes as provided by

a regression class tree. This phone recognition system was our standard system and all new acoustic

models trained were based on this setup.

As US and SA English are dialects with distinct phonologies and phonetic categories, phone set

mappings had to be performed. We manually merged the two phone sets by applying the following
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rules;

• splitting diphthongs into monothongs

• removing stress and diacritic markings

• combining closest matching phones

The US English phone set contains three fewer phones compared to that of the SAE phone set

that we employ (see [51] for details). For the initial forced alignment phase, using the WSJ acoustic

models, these phones were not used. After the first retraining phase these phones were inserted and

trained using the MoneyWeb data. The final phone set contained 33 phones as well as sil (silence)

and sp (short pause).

3.4.3 MANUALLY DERIVED ACOUSTIC MODELS

As stated previously, a portion of the MoneyWeb data, approximately 14 hours, was set aside for

manual processing. The reason for manually processing the data was to investigate whether manual

labelling and correction of the source data was really needed, and what gain could be achieved in

following a manual route compared to that of an automated approach. The main goals in manually

processing the data, were to produce time-alignments between the approximate transcriptions and

audio, and, broadly filter the audio data by removing non-transcribed, music and music plus speech

audio segments.

Initially the audio was pre-processed using techniques described in section (3.3.1). The approx-

imate transcriptions were pre-processed in a manner similar to the one described in section (3.3.2),

except that the speaker tags were not removed. It was found that the speaker tags provided a good

means to track speaker changes and, for single speakers, to track changes in the audio. For exam-

ple, in the single speaker case, if a speaker read the news which was followed by an advert and then

went into an interview, the approximate transcription would have separate entries for the news and

interview – the advert would not be indicated. The separate text entries found in the approximate

transcriptions (marked by speaker tags) were logical audio segments but an additional process was

needed to time-align these entries to the audio and filter the data.

To aid in the alignment and filtering process, an application, Segmenter, was created. This appli-

cation takes as input the audio file and transcription. It extracts the speaker tags from the text source

and provides check boxes which are labelled with the speaker names. Check boxes for music and

non-transcribed text were also provided. The application splits the audio track into segments which

are a fixed user-defined duration - the typical duration for a segment used in practice was one second.

The user would then press the play button and the application would continuously play the segments

until the end of the track or stop if interrupted by the user. The user would then for each segment

click on the check boxes and so label each second of audio with an appropriate tag. After labelling

the entire audio track, the tags would be saved to a label file. This label file provides a crude alignment

between the audio and text data. Figure 3.1 shows a screen capture of the Segmenter application.
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Figure 3.1: The Segmenter application which was used to create crude alignments between the audio

and transcriptions.

Using the label files, approximate transcriptions and audio files, a small manually processed cor-

pus was created. The approximate text entries were extracted, speaker tags removed and placed into

separate text files. The time-alignments provided by the label files were then used to extract the cor-

responding audio segments from the utterance, thus producing a time-aligned text and audio pairs.

By selecting audio, which had only speaker labels marked, a light filter mechanism was introduced

which removed music and non-transcribed audio portions. This small MoneyWeb data subset was

used to MAP adapt the WSJ acoustic models. Three iterations of the MAP adaptation algorithm were

run in the adaptation process.

3.4.4 GARBAGE MODEL

All our acoustic models contain a garbage model This broad acoustic model is used to absorb speech

disfluencies, non-speech audio and non-transcribed speech and in doing so aid in the refinement of

the forced alignments. The garbage model is represented by a left-to-right HMM with three absorbing

states and sixteen mixtures per state; it is trained on all audio data without word or phone labels. A

semi-tied transform is also estimated for the model. The garbage model is inserted into HTK sp model

which gives that model the functionality to absorb speech disfluencies, music or non-transcribed

portions.

The standard sp model, used in HTK, is a TEE model which allows the absorption of between-

word silence or can be skipped altogether [10]. It is a three state HMM with an empty entry and exit

state and its middle state tied to the middle silence model state. The modified sp model is expanded
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to six states; with the standard empty entry and exit states (state one and six), the second state tied to

the middle silence state and the garbage model occupying states three, four and five. The transition

probabilities are modified to allow the model to be skipped, pass straight to the garbage model, return

to first state from the last garbage model state or exit the entire model from the last garbage model

state. Figure 3.2 shows the hybrid sp-garbage model.

Figure 3.2: The modified sp-garbage HMM model.

Care must be taken when using a garbage model as it could end up absorbing all the speech. The

amount of speech absorbed by the garbage model must be monitored after each iteration to make sure

that useful alignments are being produced.

3.4.5 ALIGNMENT-FILTER-TRAINING CYCLE

Once all previously mentioned steps have been completed, we have reached a point to start iteratively

harvesting the MoneyWeb data. The first phase (alignment) is to align the approximate transcriptions

with the corresponding audio. To do this, acoustic models are required which can be pre-existing, for

instance trained on similar data, or from the output of the alignment-filter-train cycle. Our acoustic

models were updated to contain a garbage model (see section (3.4.4)) which will absorb speech dis-

fluencies and non-speech artefacts and provided a more robust alignment. To create the alignments

the HTK HVite tool is used to compute forced alignments [10]. It does this by firstly loading the

provided transcriptions and dictionary and expanding the words into phone representations. A new

network is created by concatenating the phone sequences. The network may contain multiple paths
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depending on the number of word pronunciation variants. Lastly, HVite uses the Viterbi algorithm to

find the best path through the network which matches the acoustic data to the acoustic models.

Following the alignment, a simple filtering scheme is used to extract audio segments which have

good alignments. The filtering method segments the audio by cutting up the audio on silence bound-

aries and discards short speech segments less than 700 ms in duration. It was found for mis-aligned

portions, the decoder would add many sp-garbage and really short speech labels while trying to

squeeze in the text and that the correlation between the bad DP-scores and short speech segments

was quite high. Thus, instead of using the resource-intensive DP-score filtering approach, we could

achieve comparable results by using this simpler data filtering scheme. These surviving audio and

sp-garbage segments are used to train a new set of acoustic models or adapt the existing acoustic

models.

Using the source data to update the acoustic models reduces the mismatch between the data and

the models and ensures better output alignments. Once the new models are available the process is re-

peated until some criterion is met – for instance the acoustic log-likelihoods or some other confidence

measure stabilizes.

3.5 CORPUS CREATION

The audio-text alignments generated by the alignment-filter-training phase are more reliable than

the initial alignments and can be used to generate an accurate corpus. To create the new corpus a

more elaborate data filtering scheme was used to select the most reliable audio alignments. After

compiling the corpus and adding speaker identities to the segments, a final data filtering step was run

which classified the bandwidth of the audio data. This allowed us to produce two corpora, which

were either suitable for low-bandwidth or high-bandwidth applications.

3.5.1 DATA FILTERING

A dynamic programming (DP) data filtering scheme was used to select audio segments which had

reliable alignments. The DP algorithm compared two phone strings obtained from the forced align-

ments and a free decode of the audio using an flat phone grammar. The final acoustic model sets

were used to generate the phone strings. The phone string comparison was performed an a per seg-

ment basis and used a variable cost matrix to find the best alignment between the phone strings. The

DP score gives an indication on how well the strings are aligned and serves as a confidence mea-

sure when selecting segments. The cost matrix was manually generated and had a score distribution

which favoured matched alignments. The scores were assigned as follows: 1 for correct alignments,

−0.2 for easily confusable phone substitutions and −1 for all other errors (substitutions, insertions

and deletions). The DP score for a segment was calculated by finding the best alignment score and

normalising it by the length of the segments. A user-adjustable threshold was set and segments which

possessed DP scores greater than the threshold were added to the corpus. The eventual size of the
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corpus is dependent on the threshold value, with a high threshold value discarding many segments

but producing segments which have a high reliability.

3.5.2 AUDIO BANDWIDTH DETECTION

The final phase of the post processing was to classify the bandwidth of the audio segments. To clas-

sify the bandwidth we needed to determine if the signal contains useful audio information above 4

kHz. In general, this would be a simple task but the MP3 lossy compression scheme complicated the

process. The compression algorithm uses a psychoacoustic model to determine which components of

the spectrum are necessary for proper human perception and achieves a compression by discarding

non-essential components. For human hearing many speech events only require frequency compo-

nents below 4 kHz for correct perception and in general lower frequency components, because of

their larger energy, will mask higher components making the higher frequencies non-essential. This

trend could be observed in the data as high bandwidth audio contain many instances of audio signals

which had all the frequency content above 4 kHz removed. To further complicate the classification

process, many of the audio files contained clipped audio. The issue of clipped audio is that the spectral

envelope information is distorted which tends to spread the frequency content across the frequency

band. This gives an appearance of a high-bandwidth signals. The only reliable distinguishing factor

between the low- and high-bandwidth portions we could find was to calculate the ratio of energy

between the frequency components above and below the 4 kHz boundary.

The initial algorithm used to segment an audio track into constant-bandwidth segments was:

• Pre-emphasis filter the audio to boost the high frequency components.

• Split the audio track into 50 ms non-overlapping segments.

• Over all the frames and for each frequency component, sum (time-wise) the component’s mag-

nitudes using 4 seconds of frames before and after the current frame.

• For each frame determine the maximum magnitude frequency component below and above the

4 kHz boundary and calculate the ratio. Convert the ratio into its dB value.

• Median filter the dB values to obtain smoothed trajectories. We used a sample window of 31.

• Define the mid-point to be the average of the maximum and minimum values of the smoothed

dB values.

• Find all locations where the dB values transition through the mid-point values. These are

considered to be change in bandwidth candidates.

• Eliminate all candidates whose relative change is less than a threshold value. The threshold

was set to 20.

• Define audio segments as audio which lie between the change in bandwidth points.
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• Classify each segment with average dB value greater than mid-point value as high-bandwidth,

else classify it as low-bandwidth.

Summing the frequency component’s magnitudes (time-wise sense) over 4 seconds gave good

smoothing – analogously, if one refers to BIC audio segmentation, values greater than 1 or 2 seconds

are generally used [58] – as better statistics are estimated over longer windows. The median filter

window and candidate elimination threshold were chosen after visually inspecting a few samples.

The median filter window length of 31 gave a good balance between smoothing and resolution while

the elimination threshold of 20 managed to give successful classifications in the majority of cases.

The benefit of the above algorithm is that only the audio data is needed. Conversely though,

the issue with the algorithm is that (1) the segments which are classified have no alignment with the

transcriptions and (2) 4 seconds of audio data is needed to classify a 50 ms frame. To overcome the

difficulties of the initial algorithm we decided to use a Gaussian Mixture Model (GMM) classifier

approach to classify audio segments. Using the bandwidth classifications and manually labelled files

we segmented the manual MoneyWeb corpus audio into 4 categories, namely, music (music), music

plus speech (+music), high-bandwidth speech (hb) and low-bandwidth speech (lb). The HTK toolkit

was used to train models for each of the categories using a 1 state HMM. 512 mixtures were used

to model the feature distributions. The features were 39 dimensional MFCCs; 13 static, 13 first

derivatives and 13 second derivatives. Based on results published by Acero and Stern [59] performing

class-based cepstral normalisation significantly improves cepstral normalisation, thus we deviated

from the standard HTK Cepstral Mean Normalisation (CMN) approach and estimated an average

MFCC vector for each category, and then used this vector to normalise the category-specific feature

vectors. The assumption is that the average cepstral estimates for the various classes are relatively

different and normalising out-of-class cepstral vectors, will create vectors that are best described by

a large non-zero mean normal distribution. The way in which we classified a segment of audio was

to send the audio through the 4 GMM classifiers and chose the label from the classifier which gave

the maximum average log-likelihood score. The benefit of the GMM approach is that we can present

segments, obtained from the DP scores selection process, to the classifiers and obtain a result straight

away.

Initially, it was thought that we would need a music and music plus speech classifier to separate

these audio types from the utterance, but the garbage model proved to be extremely adept at absorbing

these audio types. Thus, these categories were not used. In section (3.7) below we report on the

performance achieved with these algorithms.

3.6 EXPERIMENTAL SETUP

In this section we describe the various corpora, performance metrics and experimental setups used to

validate our harvesting approach.
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3.6.1 CORPORA

3.6.1.1 MONEYWEB DEVELOPMENT AND EVALUATION CORPORA

As described above, the corpus was partitioned into separate training, manual, development and eval-

uation sets. The development set had 2.7 hours of audio data and 45 speakers, while the evaluation

set had 3.8 hours of audio data and 50 speakers. The development sub-corpus was used during corpus

development experiments and the evaluation corpus was used for final verification purposes.

3.6.1.2 LWAZI ENGLISH CORPUS

The Lwazi [29] corpus contains telephone-quality recordings and their associated transcriptions

sourced from the eleven official languages of South Africa. There are approximately 200 speak-

ers per language. For our experiments we limited ourselves to the English language. Table 3.5 shows

the number files and duration in hours of audio data for the Lwazi English sub-corpus. Given its

limited size, we used the entire corpus as an evaluation set.

Table 3.5: The number of files and duration in hours for Lwazi English sub-corpus.

# files 5843

Duration (hours) 10.05

3.6.1.3 NCHLT ENGLISH CORPUS

The NCHLT corpus [60] contains high-bandwidth speech recordings sourced from the eleven official

South African languages. The text prompts were derived from large text corpora and the selection

criterion was chosen to attain a coverage of the most common triphones. For our experiments we

were limited to the English language sub-corpus and made use of the corpus’s evaluation set. Table

3.6 shows the number of files and duration in hours for the NCHLT English evaluation set.

Table 3.6: The number of files and duration in hours for the NCHLT English evaluation set

# files 3232

Duration (hours) 2.3

3.6.2 PERFORMANCE METRICS

Here we describe a few proxy measures used to determine both the quality of the acoustic models

trained on the MoneyWeb corpus and the audio and transcriptions that make up the harvested cor-

pus. The use of proxy measures gives us an automated means to monitor the harvesting process
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and limits the need for manual intervention during the harvesting process. The proxy measures were

used throughout the corpus development phase and final evaluation, and verified with a number of

independent measures as we describe below.

The average acoustic log-likelihood of the corpus data served as our first proxy measure. This

measure informs us how likely it would be that the various acoustic models would generate the audio

data. The log-likelihood scores (logL) are reported on per-frame basis which gives a finer resolution

of measure. As stated previously, we needed to make sure that the garbage model (garbage %) did

not end up consuming the entire corpus, so monitoring the amount of data absorbed by the garbage

model became our next proxy measure. This measure has a direct influence on our first measure,

as the average acoustic log-likelihood scores only give meaningful information if the amount of data

consumed by the garbage model decreases or stays the same. The next measure used was derived from

the DP scores (ADPS) which were used in the final stage of selecting the best aligned audio portions.

The DP scores inform us how well the decoded phone strings fit with the phone representation of

the approximate transcription. Lastly, as we did not have gold standard MoneyWeb transcriptions we

used the forced alignments generated by our final acoustic model set as a proxy for these missing

pristine transcriptions. Using these transcriptions as a reference set, we performed phone recognition

and reported these accuracies as our last proxy measure.

Although the proxy measures provide a convenient method to automatically monitor the harvest-

ing process, their reliability had to be verified. To investigate the proxy measures’ viability, phone

recognition results were also generated using the Lwazi and NCHLT corpora, which had verified

phone transcriptions. In addition, the phone recognition results also provide a means to validate and

verify the data harvesting process in itself, similar to the approach followed by Lamel et. al. [26].

3.6.3 SETUP

3.6.3.1 WSJ BOOTSTRAPPED HARVESTING

Our first experiment was designed to test the feasibility of our data harvesting approach – the

alignment-filter-train cycle. The experiment starts with unmatched WSJ acoustic models and runs

through three cycles of the alignment-filter-train process, producing new acoustic models at each cy-

cle. The MoneyWeb training corpus is harvested for each cycle and the processed data used to train

the acoustic models. The only manual actions needed to prepare the WSJ acoustic models were (a) to

map the phone set and (b) to include a garbage model during the training process. To determine the

quality of the acoustic models and track the performance of the proxy measures, all proxy measures

(logL, ADPS and Garbage (%)) are reported for each cycle. In, addition phone correctness and accu-

racy percentages, generated on the MoneyWeb evaluation set, are listed. Lastly, to validate the proxy

measures, phone correctness and accuracy percentages, generated on the Lwazi and NCHLT corpora,

will be listed.

The experimental outcomes will help us verify (1) that it is possible to make use of an unmatched
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acoustic model set, developed on audio data sourced from a dialect, to start the harvesting process,

(2) at each cycle the produced models are of better quality compared to the previous cycle’s output

and (3) the proxy measures are a reliable measure with which to measure the data harvesting process

performance.

3.6.3.2 MANUAL DATA PROCESSING

Our automatic data harvesting approach initially uses unmatched acoustic models to start the process

and develops acoustic models at each alignment-filter-train cycle. Lamel et. al [26] showed that their

technique could be started by using acoustic models trained on one hour or less of manually tran-

scribed data sourced from the raw audio data. Thus, a question that arose was: could our automated

process perform better if the initial models that were used to start the process incorporated some audio

data from the source?

Thus, to better understand the effect of using in-domain data, we experimented with different

initial acoustic models which were created by MAP adapting the WSJ models with varying amounts

of in-domain data. Specifically, we used 30 min, 1 hour, 2 hours and 4 hours of adaptation audio

data where the adaptation data was sourced from the manual training set. Due to the nature of the

MoneyWeb data, which contains large amounts of speech data from a relatively few speakers, we had

to employ a selection algorithm to try and balance the speaker contributions. The simple algorithm

tried to add data uniformly from the various speakers, with the maximal amount from any single

speaker being limited to approximately 5 % of the corpus. The process was terminated when the

target data amount had been reached.

For this experiment two alignment-filter-train cycles were run and the four MAP adapted models

and the WSJ model used for initialization. The MoneyWeb training corpus was harvested and at the

end of each cycle the surviving data was used to train new acoustic models.

The quality of the resulting acoustic models was measured by the suite of proxy measures gener-

ated by the development set and phone correctness and accuracy percentages, generated on the Lwazi

and NCHLT corpora. The experiment was designed to verify if (1) manual intervention is really

needed by the automatic data harvesting process and (2) if so, how much intervention is required.

3.6.3.3 CORPUS SIZE

The final automatic harvesting experiment tested the stability of our approach with respect to the

amount of data which had to be harvested. In this experiment, 10% and 20% sub-corpora, randomly

chosen from the MoneyWeb training corpus, were created and used to determine the stability of

the automatic harvesting process. The experiment will run two alignment-filter-train cycles on each

training corpus – 10%, 20% and 100% – and at the end of each cycle a new set of acoustic models

will be trained on the corpus-specific harvested data. To monitor the quality of acoustic models proxy

measures will be extracted from the MoneyWeb development set and Lwazi and NCHLT corpora

phone correctness and accuracy percentages are reported.
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The experimental outcome will help verify if our data harvesting approach can be successfully

applied to various data sizes and thus establish if the process is roughly independent of data size.

3.6.3.4 BANDWIDTH CLASSIFICATION

To investigate the accuracy of the high-/low-bandwidth speech classifier we randomly selected ten

files from the evaluation dataset and hand labelled the boundaries of high- and low-bandwidth speech.

Table 3.7 shows the number of frames and duration in minutes for low-bandwidth and high-bandwidth

segments present in the ten hand labelled evaluation files. It was felt that choosing ten files was a rea-

sonable trade-off between manual effort and reliable results and were representative of the evaluation

set.

Table 3.7: The number of frames and duration in minutes for the low-bandwidth and high-bandwidth

segments in subset of hand labelled evaluation files.

Class # frames Duration (Min)

Low-Bandwidth (lb) 67009 11.18

High-Bandwidth (hb) 217428 36.27

Total Duration (Minutes) 47.45

To measure the bandwidth classification performance, the audio files were passed to the classifier

and the classifier marked the boundaries of low and high bandwidths. The classifier accuracy was

determined by aligning the manual labels and classifier outputs and totalling the durations of correct

and incorrect classifications. The manual labels were created by a three person team, using Praat [61]

textgrids and finally, all textgrids verified by a single individual.

The outcome of the experiment was to establish the accuracy of the bandwidth classifier.

3.6.3.5 4-CLASS CLASSIFIER

To establish the performance level of the 4-class GMM-based classifier, we used the same ten audio

files, selected from the evaluation set, used to test the low-/high-bandwidth classifier. These files

were manually labelled by recording the boundaries of music (music), music plus speech (+music),

high-bandwidth speech (hb) and low-bandwidth speech (lb). Table 3.8 shows the number of frames

for low-bandwidth, high-bandwidth, music plus speech and music segments found in the manually

labelled test set.

To analyse the performance of the classifier each frame of testing audio was assigned a class

label, based on the highest log-likelihood score, and compared to the manually verified labels. The

performance of the classifier can be determined by how accurately the different classes are correctly

recognised and how many cross-class errors are made (when an incorrect class labelled is assigned to

a frame)
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Table 3.8: The number of frames for the low-bandwidth, high-bandwidth, music plus speech and

music segments found in subset of hand labelled evaluation files.

Class # frames

Low-Bandwidth (LB) 67009

High-Bandwidth (HB) 217428

Speech plus Music (+MUSIC) 3537

Music (MUSIC) 17184

Total Duration (Minutes) 50.8

The experiment outcome will establish how accurately the 4-class classifier can distinguish be-

tween low-bandwidth, high-bandwidth, music plus speech and music audio segments.

3.7 RESULTS

In this section we present experimental results for the experimental setups discussed in section (3.6.3).

3.7.1 WSJ BOOTSTRAPPED HARVESTING

The results for starting the automatic data harvesting process with unmatched WSJ acoustic models

and running three cycles of the alignment-filter-train process are shown in table 3.9. The results shown

are the acoustic log-likelihoods scores (logL), average dynamic programming score (ADPS), the per-

centage of data absorbed by the garbage model (Garbage (%)), the phone accuracy percentage (Phn

Acc) and the phone correctness percentage (Phn Cor). The phone accuracies and correctness were ob-

tained using the MoneyWeb evaluation set while the remaining proxy measure results were obtained

from the training set. Table 3.10 shows phone correctness and accuracy results using the acoustic

models generated at each stage of the alignment-filter-train process and recognising the Lwazi and

NCHLT data.

Table 3.9: Improvements in the proxy measures and phone correctness and accuracies for three

alignment-filter-train cycles and initially using the bootstrapped WSJ acoustic models. Results ob-

tained on the MoneyWeb evaluation set.

Model logL Garbage (%) ADPS Phn Acc (%) Phn Cor (%)

WSJ -87.019 37.62 0.139 36.45 45.22

retrain 1 -79.109 32.78 0.337 53.85 60.93

retrain 2 -78.436 31.08 0.358 55.67 62.22

retrain 3 -78.264 30.76 0.359 56.40 62.84

The harvesting measures in table 3.9 stabilize relatively quickly and converge after the 3 iterations.

The original training data set contained approximately 99 hours of audio data (see table 3.2) and after

3 iterations of processing contained 68 hours of mixed high- and low-bandwidth speech data only. The
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Table 3.10: Phone correctness and accuracy measures for the iterative alignment-filter-train which

initially used the bootstrapped WSJ acoustic models. Results were obtained using the Lwazi and

NCHLT corpora.

Lwazi NCHLT

Model Phn Acc (%) Phn Cor (%) Phn Acc (%) Phn Cor (%)

WSJ 22.35 43.04 38.55 56.62

retrain 1 28.83 48.37 39.08 55.95

retrain 2 30.82 49.62 39.42 56.19

retrain 3 31.57 49.99 39.11 56.42

phone accuracies are low given the size of the harvested corpus (compare, for example, WSJ itself,

where phone accuracies of approximately 82 % are typically achieved [62]), but mixed bandwidth

speech data and the spontaneous speech quality play a large role in reducing the accuracy. Selecting

more reliable alignments, by setting a higher DP control threshold when selecting audio portions, and

by splitting the corpus by bandwidth would improve these accuracies.

Table 3.10 shows similar increasing trends for the phone correctness and accuracies compared

to table 3.9. The absolute values are relatively low but the acoustic model training data and testing

data (Lwazi and NCHLT) were recorded in different environments which is known to severely impact

recognition results. The increasing trends fit the proxy measure trends well, suggesting that our proxy

measures are functioning as planned.

3.7.2 MANUAL DATA PROCESSING

Results for using the WSJ and different MAP adapted acoustic models as initial acoustic model sets

for the automatic harvesting process are presented. Table 3.11 shows the acoustic log-likelihood

scores (logL), average dynamic programming score (ADPS) and the percentage of data absorbed by

the garbage model (Garbage (%)), obtained using the MoneyWeb development set, for the WSJ and

0.5, 1, 2 and 4 hour MAP adapted acoustic models and for two retrain cycles. Table 3.12 shows phone

correctness and accuracies generated using the Lwazi and NCHLT corpora, for the WSJ and 0.5, 1, 2

and 4 hour MAP adapted acoustic models and for two retrain cycles.

Table 3.11: Comparing the results of adding various adaptation data amounts to update the initial

and MAP adapted WSJ acoustic models. Results obtained on the development set.

initial retrain1 retrain 2

Model logL ADPS Garbage (%) logL ADPS Garbage (%) logL ADPS Garbage (%)

WSJ -84.62 0.197 38.675 -77.23 0.402 35.029 -76.70 0.413 33.649

0.5 hr MAP -81.93 0.263 38.045 -77.27 0.403 35.165 - -

1hr MAP -81.17 0.298 37.203 -77.19 0.408 35.031 - -

2hr MAP -80.12 0.336 36.204 -77.14 0.410 35.059 - -

4hr MAP -79.17 0.365 34.967 -77.06 0.413 34.847 -76.56 0.416 33.426
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Table 3.12: Comparing the results of adding various adaptation data amounts to update the initial

WSJ acoustic models. Results obtained using the Lwazi and NCHLT corpora.

Lwazi NCHLT

Model Phn Acc (%) Phn Cor (%) Phn Acc (%) Phn Cor (%)

Initial

WSJ 22.35 43.04 38.55 56.62

0.5 hr MAP 26.84 45.92 38.77 55.93

1hr MAP 28.42 46.95 39.36 56.63

2hr MAP 30.46 48.42 39.69 56.49

4hr MAP 32.75 49.63 40.28 56.99

Retrain1

WSJ 28.94 48.35 39.02 56.04

0.5 hr MAP 30.14 48.87 39.63 56.41

1hr MAP 29.99 49.15 39.58 56.21

2hr MAP 30.54 49.3 39.8 56.37

4hr MAP 32.75 49.63 39.43 55.98

Retrain2
WSJ 30.8 49.5 39.49 56.05

4hr MAP 31.37 49.91 39.11 55.89

The measures shown in Table 3.11 stabilize after 2 alignment-filter-train iterations and follow

similar trends to the WSJ bootstrapped method used to harvest the training data set. Considering the

initial measure, we can observe the models do benefit from more adaptation data, given the low log-

likelihood values, high average DP scores and low Garbage absorption values, which is consistent as

more training examples are available. But, as we run through the retrain cycles the benefits are lost

quite quickly. Interestingly, the bootstrapped WSJ model performs equally well compared to the 4

hour MAP adapted model after just 2 retrain cycles.

Table 3.12 show the same trends as observed by the proxy measures: initially the models per-

form much better when adapted with increasing amounts of in-domain data, but as the retrain cycles

increase the benefit of using adaptation data diminishes.

3.7.3 CORPUS SIZE

Table 3.13 shows the acoustic log-likelihoods scores (logL), average dynamic programming score

(ADPS) and the percentage of data absorbed by the garbage model (Garbage (%)) proxy measures,

obtained using the MoneyWeb development set, for harvesting 10%, 20% and 100% of the training

corpus. Table 3.14 show Lwazi and NCHLT phone correctness and accuracies using acoustic models

developed on 10%, 20% and 100% of the training data and for two retrain cycles.

As with our other harvesting experiments, consistent convergence trends are followed. The gen-

eral trend in table 3.13 shows that with more data we are able to achieve better absolute proxy measure

scores but the relative changes in convergence rates are approximately the same.

In table 3.14, the Lwazi phone results validate the overall proxy measure trends which show

that the acoustic model quality is improved when more data is used to train the models. The NCHLT

results show similar improvement trends but the initial WSJ models have quite high phone correctness

and accuracy values, which limits the margin of improvement.
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Table 3.13: Comparing the efficiency of the harvesting approach on restricted total data sizes. Proxy

measures obtained on the development set.

initial retrain 1 retrain2

model logL ADPS Garbage (%) logL ADPS Garbage (%) logL ADPS Garbage (%)

10 % -84.62 0.197 38.675 -79.17 0.296 37.535 -78.47 0.323 36.249

20 % -84.62 0.197 38.675 -78.43 0.340 36.412 -77.67 0.378 35.227

100 % -84.62 0.197 38.675 -77.23 0.402 35.029 -76.70 0.413 33.649

Table 3.14: Comparing the results of adding various adaptation data amounts to update the initial

WSJ acoustic models. Results obtained using the Lwazi and NCHLT corpora.

Lwazi NCHLT

Model Phn Acc (%) Phn Cor (%) Phn Acc (%) Phn Cor (%)

Initial WSJ 22.35 43.04 38.55 56.62

Retrain1

10% 21.78 43.75 31.17 50.4

20% 25.52 46.02 34.59 52.33

100 % 28.94 48.35 39.02 56.04

Retrain2

10 % 24.03 45.01 32.83 51.79

20 % 27.22 47.42 36.86 53.8

100 % 30.8 49.5 39.49 56.05

3.7.4 BANDWIDTH CLASSIFICATION

Table 3.15 shows the accuracy of the bandwidth classifier to correctly identify high-bandwidth (hb)

and low-bandwidth (lb) audio segments.

Table 3.15: The percentage accuracy and errors made by the high-low bandwidth classifier.

Classified Class

lb hb

True Class
lb 94.49 5.51

hb 0.72 99.28

The ability of the classifier to correctly identity between the two classes is quite high. The task

of identifying low-bandwidth speech seems to be slightly more difficult as more errors were made in

trying to identify this class. The proposed algorithm seems to work well and clearly overcomes the

MP3 and clipping artefacts.

3.7.5 4-CLASS CLASSIFIER

Table 3.16 shows the percentage of correctly identified frames and errors made by assigning frames to

the incorrect class, of the 4-Class classifier. The four classes are music, music plus speech (+music),

low-bandwidth (lb) audio and high-bandwidth (hb) audio.
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Table 3.16: The percentage of correctly identified frames and frames in error made by the 4-Class

classifier.

Classified Class

music +music hb lb

True Class

music 85.04 11.51 3.08 0.37

+music 7.30 66.70 24.10 1.91

hb 2.85 32.26 61.68 3.20

lb 0.31 1.66 3.76 94.27

Considering the table of percentages, the classifier readily distinguishes low-bandwidth speech

and music audio with a great accuracy level. Unfortunately, it makes a considerable amount of errors

between high-bandwidth speech and music plus speech audio. This task appears to be rather difficult

for 16 kHz sampled audio and a benefit may be achieved if the sampling rate is increased; as music

contains useful frequency components above the 8 kHz bandwidth and can be used for greater class

separation. Fortunately, this distinction is not critical to the rest of our processing, since the garbage

model is able to reject speech which is heavily influenced by the presence of music.

3.8 CONCLUSION

The work presented in this chapter shows an automated and efficient data harvesting process which

takes publicly available audio data with approximate transcriptions and creates a reliable speech

recognition corpus. Significant contributions to emerge from the research are;

• The process of alignment-filter-train, to harvest audio data with approximate transcriptions, can

be efficiently automated.

• Using the Lwazi and NCHLT English corpora we showed that the proxy measures, log-

likelihood, average dynamic programming scores, and the percentage of data absorbed by the

garbage provided useful methods of automatically monitoring the harvesting process.

• Bootstrapped acoustic models trained on out-of-dialect audio data can be used to provide good

audio-transcription alignments.

• Retraining acoustic models on the harvested data provides better models to generate more accu-

rate alignments and iterating the alignment-filter-train cycle provides better models after each

iteration.

• A garbage model can be used to good effect in order to improve the reliability of the alignments

by absorbing non-speech audio and speech disfluencies.
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• A dynamic programming algorithm can be used to robustly filter the harvested data and create a

corpus which has quite reliable alignments between text and audio. Additionally, the DP scores

serve as a good metric with which to monitor the harvesting process.

• Manually processing data to create an adaptation corpus, which can be used to adapt a set of

acoustic models, is not needed. The win obtained by manually processing the data is lost after

the first retrain cycle.

• The data size, of the to be harvested data, affects the performance metric values – more data

results in better values. However, the performance metric convergence rates exhibit a low

correlation to the data size and the relative improvements are approximately the same.

• The proposed algorithm to detect the bandwidth of the speech data overcomes the MP3 encod-

ing and audio clipping artefacts.

• A GMM-based classifier, which classifies frames of audio data as music, music plus speech,

low-bandwidth speech and high-bandwidth speech, can easily distinguish the low-bandwidth

and music class. It, however, shows some difficulty in classifying the high-bandwidth and

music plus speech classes.

Besides these findings, and the software tools that have been developed, an important output from

this work is the corpus itself – creating a new corpus for an under-resourced language is an important

step to enable the further development of speech processing tools. Depending on the exact threshold

chosen, the corpus contains around 70 hours of transcribed speech, with a variety of speaking styles.

This corpus has been used for the training of acoustic and language models, for research on the influ-

ence of speaking style on recogniser accuracy, and for the analysis of keyword-spotting algorithms.

Unfortunately, due to contract obligations to a client the work performed on the database cannot be

released to the public but a spoken-term-detection system was successfully built using the harvested

corpus. The spoken-term-detection system is described in [63] but the analysis was performed on a

different – and more challenging – corpus.

For future work, the data pre- and post-processing tools can be improved – specifically, an audio-

clip detector which can be used by the bandwidth detector to ignore clipped audio portions. In ad-

dition, a channel detector should be added to make sure we are selecting an audio channel which

has data. The 4-class classifier could also be improved by adding GMM smoothing and updating the

CMN vectors with speech only.
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CHAPTER FOUR

CROSS CHANNEL ADAPTATION

4.1 INTRODUCTION

It is well known that speech recognition systems perform poorly when there is a mismatch between

the acoustic models and testing audio data. The mismatch can manifest itself in several ways; the

leading causes are environmental noise, channel differences, various speaking styles and different

dialects. A system’s performance can be greatly increased if the mismatch is sufficiently reduced.

Currently, acoustic model adaptation and feature normalisation techniques provide a means to reduce

the mismatch and play a crucial role in speech recognition system deployment. Feature normalisa-

tion improves the feature robustness by trying to remove channel or environmental distortions while

acoustic model adaptation shifts the model’s means and scales the variances to accommodate for the

change in data statistics. In a resource-scarce environment, adaptation techniques are particularly

important as one often has to develop ASR systems using available data which is not matched to the

application: for instance, using high-bandwidth data to train acoustic models for an application that

operates on telephone quality audio data – over the course of using the system, application-specific

data can be collected and used to adapt or create new acoustic models and thereby improve the per-

formance.

Generally, feature normalisation is applied to the feature vectors independent of ASR task which

improves system robustness and performance. To further improve the ASR system accuracies more

complex adaptation schemes are used in cascade such as MLLR and MAP, and, finally, when enough

data is collected retraining the acoustic models becomes viable. Using the results obtained by Chen

and Bilmes [35], Goronzy and Kompe [42], Wang et. al. [43] , Wallace et. al. [45], and, Bocchieri

et. al. [46], (as described in section (2.4.1) and section (2.4.3)), we can in summary state that the

expected order of increasing performance gains provided by the use of various adaptation techniques
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is : feature normalisation, adaptation by MLLR transformation, MAP adaptation and retraining the

models.

For the specific ASR scenario describe by Bocchieri et. al. [46], MAP adaptation provided the

best results for fewer than 1500 sentences, which equated to 3.5 hours of audio data and roughly 2

hours of speech data. Between 1500 and 6000 sentences, training the context-trees on in-domain data

and estimating the state distributions on both in- and out-domain data resulted in the best performance

– 6000 sentences corresponded to 14.4 hours of audio data and approximately 9 hours of speech data.

For 6000 sentences and above, retraining the HMM acoustic models on the in-domain data provided

the best results. However, no data threshold was provided for the use of MLLR. Leggetter and Wood-

land [38] showed in their speaker-adaptation experiments that mean-only MLLR adaptation, using

a full global regression matrix, yielded improvements after three adaptation utterances (roughly 11

seconds of speech). The performance gain saturates at about 15 utterances. To make better use of the

additional adaptation data, additional regression classes are needed.

Wang et. al. [43] showed that for non-native speaker adaptation and for a fixed number of speakers

MAP adaptation consistently performed better than MLLR, independent of adaptation data amount.

The only scenario where MLLR provided a performance gain over MAP was when the number of

speakers found in the adaptation data were varied; however, even in that case MAP proved a better

choice once the adaptation data amount exceeded 20 minutes. The investigation performed by Wallace

et. al. [45] showed when applying the adaptation techniques in isolation and on 60 minutes of data,

MAP produced the best gain followed by regression tree MLLR and lastly global MLLR. Cascading

global plus regression tree MLLR plus MAP obtained the best performance gain at 60 minutes of data

as well as at varied adaptation data amounts of 10 and 30 minutes.

From the relevant literature survey we can see that the boundaries where one would chose a

specific adaptation technique over another are quite varied. The transition boundaries are dependent

on the ASR task where parameters such as speaker number and adaptation type (environment, dialect

or speaker) have an influence over the transitions. The boundary measure is usually specified by

duration, generally measured in minutes or hours or audio data. This can be misleading, as adaptation

performance is likely to depend on how much speech data is actually available within the audio data.

For instance read, conversational or distressed speech would all have different ratios of speech to

non-speech. In terms of current HMM-based ASR systems a more informative unit would be the total

number of words, phones or triphones found in the adaptation data.

Collecting speech resources is time consuming, incurs high costs and requires linguistic expertise

[29]. These costs can be reduced in a number of ways by using data collection techniques such as

harvesting of internet resources, utilising speech collection tools like Woefzela [60] or telephony-

based collection. For under-resourced languages the primary drive is to aggressively collect data to

boost the resources with less emphasis being placed on the collection environment. Thus, for these

languages it is possible that several corpora can be created relatively easily by sourcing data from

different environments which may result in quite varied data characteristics across the entire dataset.
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For example, in South Africa the high-bandwidth NCHLT [60] and telephony Lwazi [29,30] corpora

are available which contain language data for eleven South African languages. If a telephony ASR

application is required one could make use of the vastly larger speech resources found in the NCHLT

corpus to improve the acoustic models developed solely on the Lwazi corpus.

In an under-resourced language environment it becomes necessary to make use of standard adap-

tation techniques to improve ASR system performance, however, the available data may be limited.

The performance gain achieved in using standard adaptation techniques is dependent on the amount of

adaptation data and each standard adaptation technique has a specific performance curve. Therefore

the aim of this research is to:

• Investigate several standard adaptation techniques performance gain curves, dependent on the

adaptation data amount, for mixed low-bandwidth telephone-quality and high-bandwidth high-

quality audio data scenario.

• Set up a guideline that indicates which adaptation method is most appropriate given an adapta-

tion data amount, for this type of application.

For the course of our experiments we limited ourselves to the use of standard normalisation and

adaptation techniques and report on additional evidence regarding the relative contributions of dif-

ferent adaptation methods. Some of these findings confirm facts that are already known in the liter-

ature. The amount of adaptation data will be specified by the number of triphones which provides a

more relevant unit for ASR systems. As stated, our experiments will focus on mixed low-bandwidth

telephone-quality and high-bandwidth high-quality audio data applications and investigate how to

port acoustic models starting from a low-bandwidth scenario and progress towards a high-bandwidth

one and vice versa – a scenario of great relevance in developing-world contexts.

A description of the various feature normalisation and adaptation techniques used in our experi-

ments can be found in section (4.2). The corpora used and the data selection strategy are described

in section (4.3). Results are presented in section (4.4) and concluding remarks can be found in sec-

tion (4.5).

4.2 NORMALISATION AND ADAPTATION METHODS

Generally speaking, the process of improving a speech recognition system’s performance can be ap-

plied in the feature and model domains [38]. Both approaches strive to reduce the mismatch between

the acoustic models and data feature vectors. With feature normalisation techniques, the feature

data statistics are either normalised to a standard set of values or transformed to the training values.

Model-based adaptations are realised by updating the acoustic model parameter directly either by

re-estimating the parameter values or estimating a set of transforms which indirectly provides the

updated model parameters. In our adaptation experiments we used a standard set of feature normali-

sation and model adaptation methods which are currently available to the speech recognition system
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developer. We will start off by describing the a few feature normalisation techniques and then elabo-

rate on various model adaptation approaches.

4.2.1 FEATURE NORMALISATION

Feature normalisation applies a set of transforms on the feature vectors, which reduces the mismatch

between the feature vectors and acoustic models. In general, the normalisation techniques are un-

supervised, meaning the method has no reliance on knowledge concerning the audio content, and

assumes certain distributions for the feature vectors and distorting phenomena (such as noise and

channel responses).

4.2.1.1 BAND LIMITING

A simple feature normalisation strategy is to band-limit the spectral content of the audio signals.

Moreno and Stern [34] demonstrated the importance of matching the portion of speech bandwidth

which is used to extract speech features on the Timit and NTimit corpora. This suggests that for

unknown channels a process should be run to determine the bandwidth of useful speech information.

Incorporating this knowledge into acoustic model design can result in better system performance.

Their work also showed that band limiting by linear filtering the audio signal does not take into

account other sources of signal degradation introduced by real-world channels. These sources include

additive noise and non-linear gain and phase distortions. More elaborate feature normalisation or

model adaptation techniques are needed to reduce these non-linear and noisy effects.

4.2.1.2 CEPSTRAL MEAN NORMALISATION

One of the first compensation techniques to be used widely was cepstral mean normalisation. The

method estimates an average cepstral vector over a set of cepstral observations and removes the bias

from each vector. This simple technique performs well in removing convolutional noise and constant

channel distortions. HTK [10] applies CMN to static cepstral coefficients only, leaving the derivative

components unaltered, and estimates the average cepstral vector on a per utterance basis. An online-

based cepstral mean normalisation can also be employed in live applications, where a global cepstral

vector is estimated prior to system deployment and is continually updated as new feature vectors are

processed.

4.2.1.3 MVA

Chen and Bilmes [35] showed through their in-depth analysis that cepstral mean normalisation (sub-

traction) worked well at removing convolution noise but performed poorly in removing additive noise.

It was further shown that the effects of additive noise, depending on the noise level, can be reduced if

variance normalisation was applied to the cepstral coefficients. Lastly, Chen and Bilmes re-introduced
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filtering of the cepstral coefficients which limits the modulation frequencies and improves the dy-

namic range of the cepstral trajectories by suppressing noise effects. The cepstral trajectories were

filtered using a finite length auto-regression moving average (ARMA) filter. The process of applying

mean subtraction, variance normalisation and ARMA filtering is known as MVA. The steps involved

in transforming a cepstral vector are represented mathematically by

cim(t) = ci(t)− µ (4.1)

civ(t) =
cim(t)

σ
(4.2)

cia(t) =
cia(t−M) + ...+ cia(t− 1) + civ(t) + ...+ civ(t+M)

2M + 1
, (4.3)

where µ is the cepstral mean, σ is the cepstral standard deviation, t is the discrete time instance, i is

the dimension and M is the ARMA filter length. M was set to 2 and all cepstral coefficients (static

and derivative) were normalised as suggested in [35].

4.2.1.4 NORMALISATION LENGTH

Feature normalisation can be applied at varying feature set sizes. The most common normalisation

length is the utterance, however, the normalisation can be applied at the speaker-level (all utterances

from a speaker) or in online operation. Both Segura et. al. [37] and Viikki and Laurila [64] showed, in

a digit recognition setup, that over 50 frames of feature vectors (more than 0.5 s) are needed to robustly

normalise the means and variances of the features vectors. The experiments performed by Segura et.

al. [37] showed that mean and variance normalisation out-performed mean normalisation only. Chen

and Bilmes [35] showed that MVA produced better results when compared to MV normalisation only,

in both an online and utterance-based normalisation mode. For their digit recognition setup, it was

empirically found that at least 30 speech frames are needed before commencing online MVA feature

normalisation.

4.2.1.5 TRANSFER-FUNCTION FILTERING

Gelbart and Morgan [36] showed that feature normalisation can be achieved by removing a long-

term average log spectral estimate from spectral analysis frames. Their technique, however, required

lengthy speech segments to estimate the average log spectrum and relatively longer analysis windows.

Such delays would be impractical for real-time ASR systems. It was shown previously [65] that

channel normalisation can be performed by inverse filtering the short-term spectra. Starting with

the basic idea we formulated a slightly different approach. If it is assumed that the discrete cosine

transform of the logarithmic short-term spectra are drawn from a multivariate Gaussian distribution,

then channel normalisation can be realised by the mapping of normal distributions. The first step is to

estimate the mean (µ) and covariance (Σ) statistical moments, which, using the maximum-likelihood

estimates, are given by
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E[X] =
1

N

N
�

i=1

Xi (4.4)

µ = E[X] (4.5)

Σ = E[X2]− E[X]2, (4.6)

where µ is the mean value, Σ is the covariance and E[] is the expected value operator. The measures

are extracted from channel-specific data and require no transcriptions. The manner in which the

estimates are obtained are as follows;

• Block the audio in 25 ms frames and overlap consecutive frames by 10 ms (standard values

used in current ASR feature extraction).

• Firstly apply the logarithmic transform to short-term frame spectra then apply the discrete

cosine transform.

• Update the mean and covariance accumulators.

• Once all frames have been processed, calculate the final mean and covariance values.

Given various mean and covariance statistics estimated from different channels, one set of feature

vectors (in our case the discrete cosine transform of the logarithmically mapped short-term spectra)

can be normalised to another distribution by firstly normalising the feature vectors to zero mean and

unit covariance distribution N (0, I), then applying an affine transform to the feature vectors to shift

their statistics such that they will produce the target mean and covariance measures. This is achieved

by applying the following steps to each feature vector:

• Zzero = A
−1
src(Zsrc − µsrc), where Asrc is given by the Cholesky decomposition of Σsrc,

AsrcA
T
src = Σsrc.

• Ztgt = AtgtZzero + µtgt, where Atgt is given by the Cholesky decomposition of Σtgt,

AtgtA
T
tgt = Σtgt.

After transforming a feature vector to the most likely target vector, the inverse discrete transform

is applied and the values mapped by the exponential function. This channel normalised linear spec-

trum is sent through to the feature extraction unit for final processing. This technique is similar to the

one proposed by Gelbart and Morgan [36] but differs in the following ways: (1) applied to short-term

spectrum 25 ms, and, (2) extends log spectral subtraction by assuming the analysis frames are drawn

from a Gaussian distribution and applies mean and variance normalisation.
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4.2.2 MODEL ADAPTATION

Model-based adaptations reduce the mismatch between model and acoustics by updating the model

parameters. Given current techniques, these parameters can be updated directly through parameter

(re-)estimation or indirectly by estimating a set of linear transforms. Maximum A-Posteriori (MAP)

adaptation is currently the most popular method to directly update model parameters, while Maximum

Likelihood Linear Regression (MLLR) provides an indirect update mechanism.

4.2.2.1 MAXIMUM LIKELIHOOD LINEAR REGRESSION

First proposed for speaker adaptation [38], MLLR was easily extended to environmental adaptation

and has since become a standard technique. The initial framework was limited to mean-only adap-

tation but Gales and Woodland [39] expanded the framework to include variance adaptation. The

technique estimates a set of linear transforms from adaptation data, then updates the model parame-

ters by applying the transforms to the mean and variance parameters. An advantage of the technique

is that the transforms are applied to the models during the decode phase which removes the need to

store newly adapted models. The technique also requires relatively small amounts of adaptation data

since it uses binary regression class trees to group similar models together and thus create larger class-

specific pools of adaptation data. The MLLR implementation is elegant since multiple transforms can

be applied to model parameters. For instance a typical transform estimation process would initially

estimate a set of mean transforms, then applying these mean transforms to the models, estimate a set

of variance transforms - thus forming a cascade of transforms.

For our MLLR experiments we used the following approach;

1. Estimate a 40-class regression tree.

2. Estimate 40-class-specific semi-tied transforms.

3. Using the semi-tied transforms as parent transforms, estimate 40-class-specific mean trans-

forms.

4. Using the mean transforms as parent transforms, estimate 40-class-specific variance transforms.

The number of regression classes was set to 40 which correlates well to the average number of

sound classes in a language. These mean and variance transforms are stored in separate files and are

loaded and applied to the models during recognition.

4.2.2.2 MAXIMUM A-POSTERIORI ADAPTATION

MAP adaptation provides a means to adapt the model parameters without having to retrain the models

from scratch. The MAP training procedure incorporates prior information which provides a parameter

estimation benefit compared to standard maximum likelihood parameter estimates [40]. The effec-

tiveness of MAP adaptation is only fully realised at relatively large data amounts as the technique
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updates different model components separately. Thus, the adaptation data must cover quite a large set

of different training examples and each example a sufficient number of times. However, Gauvain and

Lee [40] showed that using MAP adaptation to speaker adapt existing speaker-independent models

requires much less data to gain substantial improvements in the word error rates (compared to retrain-

ing the models). Therefore, it does seem that MAP possesses a lower critical data limit than the limit

needed to train robust acoustic models.

HTK [10] provides a mechanism to update the weights, means, variances and various combina-

tions of the these. The MAP adaptation experiments that we performed either adapted the weights-

means combination or weights-means-variances combination and used 10 adaptation iterations.

4.3 EXPERIMENTAL SETUP

In this section we describe the corpora used during the investigation, baseline ASR system, perfor-

mance measures, data selection and cross-channel experiments.

4.3.1 CORPORA

The various feature normalisation and model adaptation experiments were performed on pairs of

American English and IsiNdebele read-speech corpora. To ensure a mismatch between corpora a low-

and high-bandwidth version of each language were chosen, and to simulate the typical environment

for low-resource languages, we experimented using within-language cross-channel adaptation.

4.3.1.1 WALL STREET JOURNAL

The Wall Street Journal (WSJ) CSR corpus contains high-bandwidth American English read-speech

utterances and orthographic transcriptions [57]. For our purposes we sourced the speaker-independent

sub-corpus which contains a separate training and testing set with no speaker overlap. The audio was

recorded with a Sennheiser microphone at a sample rate of 16 kHz and contains financially oriented

content. The transcriptions contain three text subsets: a small set spoken by all the speakers, a few

sentences which have limited speaker overlap and a unique sentence set. There are an equal number

of male and female speakers. Table 4.1 shows the make-up of the WSJ corpus.

Table 4.1: The WSJ corpus statistics for the training and testing sets.

Set Type # utterances # hours # speakers

Train 12776 24.9 101

Test 1142 2.2 10

4.3.1.2 NTIMIT

NTimit (Network Timit) is a telephone-bandwidth read-speech corpus [66]. NTimit was created by

transmitting the Timit corpus data through “local” and “long-distance” telephone networks in the
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United States. The purpose of the NTimit corpus was to aid in the investigation of telephone network

distortions on speech. The Timit corpus is an high-bandwidth American English read-speech cor-

pus. The main corpus design criteria ensured phonetic diversity which enables the study of general

speech characteristics. The data was collected across the United States and encompassed the eight

main dialect regions of the country. Each speaker contributed ten sentences; two were common to

all speakers and were used to investigate dialect variations, five were selected to provide phonetic

diversity and the last three were sourced from the Brown corpus. Table 4.2 shows the NTimit corpus

statistics.

Table 4.2: The NTimit corpus statistics for the training and testing sets.

Set Type # utterances # hours # speakers

Train 4617 3.9 462

Test 1675 1.4 168

4.3.1.3 NCHLT

The NCHLT corpus is high-bandwidth read-speech corpus containing audio data and transcriptions

collected from eleven South African languages. The audio data was recorded using a number of

high-quality mobile devices. The transcriptions contain short sentences and were derived from large

text corpora in order to attain coverage of the most common triphones of the target language. The

collection software performs automatic quality control and strives to ensure that the utterances are

correctly recorded. For our cross-channel experiments we limited ourselves to using the IsiNdebele

sub-corpus (which was the only completed sub-corpus at the initiation of our experiments). The

initial corpus contained 90297 utterances collected from 209 speakers. After running pre-processing,

which removed utterances that contained English words, clipped audio data and audio files containing

incorrect header information, the corpus was reduced to 60687 utterances and 169 speakers. For

English word detection we sourced an in-house English pronunciation dictionary and created a list

of all words found in the dictionary. To detect English words, present in the IsiNdebele text, we

compared each word to the list of English words and identified out-of-language words. The NCHLT

corpus does not have a dedicated training and testing set; hence, five-fold cross validation was used to

partition the corpus and create the desired sets. Table 4.3 shows the five-fold training corpus statistics

and table 4.4 shows the five-fold testing corpus statistics.

4.3.1.4 LWAZI

The Lwazi corpus contains read and elicited speech recordings collected from eleven South African

languages [29]. There are approximately 200 speakers per language and the audio data was recorded

over the telephone network. Each speaker contributed thirty utterances; sixteen sentences were

sourced from phonetically rich text while the remaining 14 sentences were elicited by questions that
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Table 4.3: The NCHLT-IsiNdebele training and adaptation corpora. The corpora statistics are re-

ported by cross-validation folds.

Fold # utterances # hours # speakers

1 47348 61.78 136

2 49206 63.31 136

3 49710 63.28 136

4 49128 64.36 136

5 48847 63.05 136

Table 4.4: The various NCHLT-IsiNdebele cross-validation testing corpora.

Fold # utterances # hours # speakers

1 13339 16.61 33

2 11481 15.08 33

3 10977 15.11 33

4 11559 14.03 33

5 11840 15.34 33

produced either short phrases or single words (e.g. yes/no answers, digits, etc...). To create a counter-

part for the NCHLT corpus we chose the IsiNdebele sentences. As with the NCHLT corpus, we had

to create a speaker-independent training and testing sets - we did this by partitioning the corpus into

five sub-corpora. Tables 4.5 and 4.6 show the sub-corpora statistics for the training and testing sets

respectively.

Table 4.5: The Lwazi-IsiNdebele training/adaptation cross-validation corpora.

Fold # utterances # hours # speakers

1 4817 4.09 160

2 4804 4.11 160

3 4813 4.08 160

4 4807 4.11 160

5 4811 4.11 160

Table 4.6: The Lwazi-IsiNdebele testing corpora shown by cross-validation fold.

Fold # utterances # hours # speakers

1 1196 1.03 40

2 1209 1.01 40

3 1200 1.05 40

4 1206 1.02 40

5 1202 1.02 40
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4.3.1.5 DATA SELECTION

To investigate the relationship between the amount of adaptation data and the performance of each

adaptation method, we needed to devise an algorithm that would grow adaptation data pools from a

given data set. Additionally, we needed to obtain an average accuracy value so we decided to repeat

each experiment five times, which meant five adaptation data pools had to be created. Our simple

data growing algorithm performed the following steps:

• Randomly partition the data into five sub-corpora and ensure each pool has unique speakers.

• For each sub-corpus (sub-corpora are processed independently), start at the first file and sum up

the number of triphones contained in each subsequent file added to the data pool. At specified

triphone counts, save the file list up to that point.

• If the desired triphone counts cannot be achieved, within a given data pool, randomly select

data from the other sub-corpora until the count is reached.

It must be noted that the algorithm “grows” the adaptation pool. For example, if we would like to

create two lists which contain files contributing 100 and 250 triphone counts, then the 250 triphone

count file list will contain all the files present in the 100 triphone counts file list as well as additional

files which make up the difference.

4.3.2 BASELINE ASR SYSTEM

The speech recognition system, was based on a standard HMM-based system [13]. Firstly, the audio

data was converted to a set of standard MFCC vectors. The vectors were estimated from a 25 ms

audio window and a 100 vectors per second of speech were calculated. Each vector was constructed

by concatenating 13 static, 13 first derivative and 13 second derivative coefficients. Cepstral mean

normalisation was applied on a per utterance basis and only to the first 13 coefficients. The HMMs,

used to model the cross-word context-dependent triphones, were of a 3 state left-to-right structure and

each state contained 8 mixture diagonal covariance Gaussian models. A question-based tying scheme

was followed to create a tied-state data sharing system [23] - where any context-dependent triphone

having the same central context could be tied together. As a last step a 40-class binary regression tree

was estimated and a semi-tied transform was estimated for each class [41].

4.3.3 PERFORMANCE MEASURES

The performance of the various ASR systems will be measured using phone-level accuracies. These

are calculated by using a dynamic programming algorithm to generate an alignment between a phone-

level reference transcription and phone-level recognition output. The phone accuracies are calculated

using the following formula:
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Accuracy =
N −D − S − I

N
× 100%, (4.7)

where N is the total number of phones found in the reference transcription, D is the total number

of deletions, S is the total number of substitutions and I is the total number of insertions. For all

our experiments, the reported results are deletion and insertion error balanced, which is achieved by

iteratively changing the decoder insertion penalty.

4.3.4 CROSS CHANNEL ADAPTATION INVESTIGATION

4.3.4.1 FEATURE NORMALISATION

To investigate the band-limiting results presented by Moreno and Stern [34] and the MVA results

presented by Chen and Bilmes [35] several cross-channel ASR experiments will be performed using

the WSJ and NTimit corpora. To test the performance gains produced by band-limiting the audio

signals, ASR systems will be trained on data band-limited to specific bandwidths which will then be

used to recognise testing data that was also band-limited to the same bandwidth as the training data.

The three bandwidths that were chosen were 0-8 kHz (used 16kHz sampling rate and represented as

16k), 0-4 kHz (used 8kHz sampling rate and represented as 8k) and 250-3400 Hz (8kHz sampling

rate and represent as BP). The cross-channel tests are realised by training WSJ ASR systems and

testing on NTimit data and similarly, training NTimit ASR systems which will be tested on WSJ

data. CMN will be applied to each training and testing utterance. The MVA normalisation method

will be tested on the same ASR systems but instead of applying CMN to each bandwidth-specific

training and testing utterances, MVA will be applied. The means and variances of the features will

be normalised on a per-utterance basis based on results present by Chen and Bilmes [35]. Lastly,

phone-level accuracies will be used to measure the ASR system performances.

4.3.4.2 ADAPTATION ACCURACIES AND PARAMETERS

To investigate the performance gains that the various adaptation techniques produce when applied to

ASR systems which are used to recognise mismatched data, a set of cross-channel adaptation exper-

iments will performed using the WSJ and NTimit corpora. The training and testing data from both

corpora will be band-limited using the previously defined bandwidths categories (0-8 kHz (16k),0-4

kHz (8k) and 250-3400 Hz (BP)) and the processed data will be grouped to create bandwidth-specific

corpora. MVA feature normalisation will be applied on an utterance-basis and to each utterance found

in the separate datasets. Baseline ASR systems will be trained on each bandwidth-specific corpus and

then used to test the following adaptation techniques: transfer-function filtering (TFF), mean and vari-

ance MLLR (MLLR MV) and MAP. The training data from the cross-channel corpus will be used as

adaptation data i.e. WSJ 16k acoustic model will be adapted with NTimit 16k training data, etc.

The MAP adaptation method updates the weights, means and variance components of the acoustic

models. The parameters can be updated separately or in combination; for instance, weights and
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means or means and variances. Therefore two MAP configurations will also be tested: (1) MAP

adaptation of the weights and means (MAP WM) and (2) MAP adaptation of the weights, means

and variances (MAP WMV). Investigating the MAP weight and mean adaptation was inspired by the

speaker recognition results presented by Reynolds et. al [67].

Phone-level accuracies will be used to measure the various adapted ASR system performances.

4.3.4.3 PERFORMANCE GAIN CURVES

To create performance gain curves for the various adaptation techniques a set of cross-channel adap-

tation experiments will be performed using the WSJ and NTimit corpora combination as well as the

NCHLT and Lwazi corpora combination. To generate the performance gain curves, the following

procedure will be used:

• An ASR system will be trained on band-limited audio data sourced from one of aforementioned

corpora’s training set.

• A portion of adaptation data will be selected from the corresponding cross-channel training

corpus set. The data selection approach is outlined in section (4.3.1.5).

• The ASR system will then be adapted using the adaptation techniques and the selected adapta-

tion data. The adaptation techniques under investigation are transfer-function filtering, MLLR

and MAP. In addition, an ASR system will be trained on the adaptation data without the use

any adaptation techniques.

• The adapted and retrained ASR systems will be used to recognise the corresponding cross-

channel testing dataset.

• The process will be repeated on increasing amounts of adaptation data. The data intervals are

chosen for specific triphone counts and are 1000, 2000, 4000, 8000, 16000, 32000, 64000,

128000, 256000, 512000. The Lwazi and NTimit corpora can only support triphone counts up

to 128000.

The adapted and retrained ASR system performances will be measured using phone-level accu-

racies. For a specific adaptation technique, the WSJ and NTimit experiment results will be averaged

over the five adapted ASR systems created at each triphone count interval. For the NCHLT and Lwazi

experiments the results will be averaged over the five folds and five adapted ASR systems created at

each triphone count interval for a chosen adaptation approach.

4.4 RESULTS

4.4.1 FEATURE NORMALISATION

Table 4.7 shows the effect on system performance when limiting the audio signal bandwidth. The

chosen bandwidths were 0-8kHz (16k), 0-4 kHz (8k) and 250-3400 Hz telephone bandwidth (BP).
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For these experiments CMN was applied to the cepstral vectors. The results for the WSJ train and test

experiments show that the accuracies fall as the high-bandwidth signal is increasingly band limited,

which is to be expected as less spectral information is used to distinguish between the different speech

sound classes. It is surprising that the drop in accuracy from 16k to 8k is so slight; this might indicate

a need to increase the frequency resolution on the filter bank analysis. The cross-channel, WSJ

train and NTimit test experiments, show the inverse, where, as the audio bandwidth is limited the

results improve. The greatest gain is achieved when the WSJ models were trained on audio signals

which have approximately the same bandwidth as the true NTimit bandwidth (in this case, telephone

bandwidth).

Turning to the NTimit experiments, we see that bandwidth limiting for the NTimit train and test

scenario shows a very slight increase in performance after 8k but a reasonable gain from 16k. This is

most probably due to the removal of noisy bands from the speech feature extraction analysis. As with

the WSJ cross-channel experiments, the NTimit train and WSJ test experiment shows a good gain in

accuracy when the training and testing corpora have similar audio bandwidths. The results shown in

table 4.7 correlate well with the results presented in Moreno and Stern [34], which highlights the need

for closely matching the test and training audio bandwidths.

Table 4.7: Cross-Channel speech recognition phone-level accuracies for various bandwidths of the

WSJ and NTimit corpora. CMN was applied to the utterances.

Train Test

WSJ 16k NTimit 16k WSJ 8k NTimit 8k WSJ BP NTimit BP

WSJ 16k 81.97 18.79

WSJ 8k 81.17 19.56

WSJ BP 77.71 38.80

NTimit 16k 11.61 56.12

NTimit 8k 18.60 57.69

NTimit BP 40.74 57.98

Table 4.8 shows the results for within-corpus and cross-channel experiments when MVA process-

ing is applied to the cepstral vectors. Similar band-limiting trends hold when comparing the results to

the CMN results (table 4.7) – as the audio bandwidth is limited we see a decrease in performance for

within-corpus experiments using high-bandwidth signals, increase in performance for within-corpus

experiments using low-bandwidth signals and increase in performance when running cross-channel

experiments.

Comparing the results pair-wise in tables 4.7 and 4.8 we see a mixed bag of results. The WSJ

train and test and the WSJ train and NTimit test experiments all achieved slight increases in accuracy.

However, the NTimit within-corpus experiments only indicate a marginal increase in the 8k testing

scenario while the other scenarios experienced slight decreases in performance. The cross-channel

NTimit experiments did show an improvement for the 16k and 8k scenarios but failed to achieve a

gain in the BP experiment. The performance gains MVA provided over CMN follow the same trends

as seen in the results presented by Chen and Bilmes [35].
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Table 4.8: Cross-channel experiment phone-level accuracies obtained from the WSJ-NTimit corpora

and using MVA feature normalisation.

Train Test

WSJ 16k NTimit 16k WSJ 8k NTimit 8k WSJ BP NTimit BP

WSJ 16k 82.54 19.84

WSJ 8k 81.31 21.99

WSJ BP 78.02 40.27

NTimit 16k 12.52 55.89

NTimit 8k 22.26 57.84

NTimit BP 40.49 57.90

To get a sense of what improvement MVA does provide table 4.9 shows the total number of testing

utterances the recogniser managed to actually decode and find a phone sequence. The NTimit test set

contained 1675 utterances while the WSJ test set contained 1142 utterances in total. The results in

table 4.9 show two values per cell; the first and second values indicate the total number of testing

utterances the decoder managed to find a phone sequence for when CMN and MVA were applied

respectively. For the WSJ train and NTimit test experiments MVA only recovered two utterances

during the 16 kHz decoding phase. MVA did prove useful in recovering a large number of sentences

for the NTimit train and WSJ test experiments during the 16k and 8k decodes. The results do show

that at approximately matched bandwidths MVA loses its edge over CMN. It must be noted, however,

that Chen and Bilmes [35] did allude to the fact that MVA might require tuning as it is application

specific. All results presented from here on utilized the MVA feature normalisation, as for mismatched

conditions MVA results in less recognition failures and on average a slightly better cross-channel

system accuracy.

Table 4.9: The total number of testing utterances and the number of utterances actually decoded for

the cross-channel WSJ-NTimit experiments.

Train Test

NTimit 16k NTimit 8k NTimit BP

WSJ 16k 1673 / 1675

WSJ 8k 1675 / 1675

WSJ BP 1675 /1675

WSJ 16k WSJ 8k WSJ BP

NTimit 16k 106 / 357

NTimit 8k 840 / 1118

NTimit BP 1142 / 1142

4.4.2 ADAPTATION ACCURACIES AND PARAMETERS

Table 4.10 shows accuracies obtained when using NTimit adapted WSJ acoustic models to recog-

nize NTimit testing data. All the NTimit training data was used to adapt the acoustic models. In

the table, TFF refers to transfer-function filtering, MLLR MV refers to MLLR mean and variance
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transformations, MAP WM refers to MAP adaptation of the weights and means, MAP WMV refers to

MAP adaptation of weights, means and variances and NTimit Train refers to models trained with the

NTimit training data. The results show a trend of improved performance as one moves from left to

right column-wise (i.e. from None to Train). An exception is the MAP WMV result for the telephone

bandpass audio (BP) - which is surprising. These improvements fit well with the known adaptation

method trends, as one moves from the None to Train and more acoustic model parameters are up-

dated which gives a great ability to reduce the mismatch between the acoustic models and the testing

data. Interestingly, the gain experienced from MAP WM to MAP WMV is marginal which might

suggest that channel effects play a bigger role in shifting the model means than affecting the cepstral

variations.

Table 4.10: The cross-channel experiment phone-level accuracies obtained using WSJ trained models

adapted using various adaptation techniques and all NTimit training data.

Adaptation Method

Train / Test None TFF MLLR MV MAP WM MAP WMV NTimit Train

WSJ 16k / NTimit 16k 19.84 - 42.15 49.94 50.25 55.89

WSJ 8k / NTimit 8k 21.99 - 48.43 51.53 52.99 57.84

WSJ BP / NTimit BP 40.27 43.28 50.76 55.17 53.45 57.90

Table 4.11 shows phone-level accuracies for WSJ testing data decodes using NTimit acoustic

models adapted using various adaptation methods and specific WSJ training data bandwidths. In the

table WSJ Train refers to acoustic models trained with WSJ training data. For the 8k and BP testing

scenarios we see a similar trend compared to the previous set of experiments (table 4.11), where

moving from None to Train provides better gains in performance. However, the 16k scenario shows

us that MLLR MV and MAP WM perform quite poorly at reducing the channel introduced mismatch

but MAP WMV adaptation appears to be capable of reducing the mismatch quite substantially - here

it seems the models’ covariances play a more significant role. The importance of model variance

adaptation is supported by the 8k and BP tests which show large gains when moving from MAP WM

to MAP WMV.

Table 4.11: The cross-channel experiment phone-level accuracies obtained using NTimit trained mod-

els adapted using various adaptation techniques and all WSJ training data.

Adaptation Method

Train/Test None TFF MLLR MV MAP WM MAP WMV WSJ Train

NTimit 16k / WSJ 16k 12.52 - 21.22 19.20 61.65 82.54

NTimit 8k / WSJ 8k 22.26 - 49.77 60.44 70.44 81.31

NTimit BP / WSJ BP 40.49 45.27 50.89 63.99 71.14 78.02

Tables 4.10 and 4.11 show that MAP WMV adaptation does perform well, given sufficient adap-

tation data amounts, in updating acoustic models but there is still a performance gap between the

MAP WMV adapted models and retrained models. This suggests that during the model creation

process the techniques (state tying, the number of physical models, etc...) used to form the models
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provides a performance gain. In addition, if one considers the results column-wise (specific adap-

tation techniques), except for the WSJ retraining case, the results improve as the signal bandwidth

matches which confirms the findings of Moreno and Stern [34].

4.4.3 PERFORMANCE GAIN WSJ - NTIMIT

Figure 4.1 shows the accuracies obtained from NTimit acoustic models trained on band-limited audio

data and adapted using different adaptation techniques and various amounts of adaptation data sourced

from the WSJ training data. The experiments show a hypothetical scenario where an ASR system

initially uses acoustic models trained on low-bandwidth telephone-quality data and the application

has to recognize high-bandwidth high-quality data. For all experiments MVA feature normalisation

and band-limiting was utilized unless otherwise stated. To obtain an average accuracy value for an

experiment the process was repeated five times on different adaptation or training sets. In the figure

the following tags appear in the legend:

• NTIMIT WSJ BP - Acoustic models trained on all the band-limited NTimit training data and

recognised band-limited WSJ test data.

• WSJ BP - Acoustic models trained on all the band-limited WSJ training data and recognised

band-limited WSJ test data.

• WSJ 16k - Acoustic models trained on all the 16 kHz WSJ training data and recognised 16

kHz WSJ test data.

• NTIMIT WSJ TFF - Acoustic models trained on band-limited NTimit data which was nor-

malised using transfer-function filtering which uses increasing amounts of WSJ to estimate the

filtering function. The test data was band-limited WSJ data.

• NTIMIT WSJ MLLR BP - Acoustic models trained on band-limited NTimit data and then

adapted using MLLR which is estimated on increasing amounts of band-limited WSJ data. The

test data was band-limited WSJ data.

• NTIMIT WSJ MLLR 16k - Acoustic models trained on band-limited NTimit data and then

adapted using MLLR which is estimated on increasing amounts of 16 kHz WSJ data. The test

data was 16kHz WSJ data.

• NTIMIT WSJ MAP BP - Acoustic models trained on band-limited NTimit data and then

adapted using MAP for increasing amounts of band-limited WSJ data. The test data was band-

limited WSJ data.

• NTIMIT WSJ MAP 16k - Acoustic models trained on band-limited NTimit data and then

adapted using MAP for increasing amounts of 16 kHz WSJ data. The test data was 16kHz WSJ

data.
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• WSJ RETRAIN 16k - Acoustic models trained on increasing amounts of 16 kHz WSJ train-

ing data and recognised 16kHz WSJ test data.

 10

 20

 30

 40

 50

 60

 70

 80

 90

 10  100  1000  10000  100000  1e+06

A
v
e
ra

g
e
 A

c
c
u
ra

c
y
 (

%
)

# of triphones

NTIMIT_WSJ_BP
WSJ_BP
WSJ_16k

NTIMIT_WSJ_TFF
NTIMIT_WSJ_MLLR_BP

NTIMIT_WSJ_MLLR_16k
NTIMIT_WSJ_MAP_BP
NTIMIT_WSJ_MAP_16k

WSJ_RETRAIN_16k

Figure 4.1: A low-bandwidth to high-bandwidth scenario and accuracies obtained using various

acoustic models and adaptation techniques.

Interpreting the plots we can see at really low adaptation data levels (fewer than 400 triphone

examples) the transfer-function feature normalisation gives the best performance gain. Around 400

triphone examples MLLR starts to give better performance gains as the transfer-function feature nor-

malisation gain has saturated. MLLR continues to give the best gain until 7000 triphone examples

where retraining the acoustic models with the 16 kHz WSJ data starts to deliver the best possible per-

formance. The 16 kHz WSJ acoustic models performance improves considerably between 7000 and

200000 triphone training examples. Surprisingly the MAP adaptation method did not out-perform

the retrained models at any stage. Even though the MAP adapted models did not give the desired

performance (the expected TFF → MLLR → MAP → RETRAIN transition), the MAP adapted

band-limited acoustic models initially performed better (from about 2000-10000 triphone examples)

compared to the MAP adapted 16k models. It is also interesting to see how quickly the MAP adap-

tation performance gain plateaus: the phase of linear accuracy improvements as data increases starts

to end around 80000 triphones. Lastly, the MLLR adaptation using the 16 kHz WSJ data did not

perform well at all – producing accuracies well below the non-adapted ASR setup NTIMIT WSJ BP.

This shows that MLLR performs better when there is a smaller mismatch between acoustic models

and adaptation data whereas MAP has a better ability to deal with large data mismatches.
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Figure 4.2 shows accuracies obtained using WSJ acoustic models trained on band-limited data

and adapted using increasing amounts of NTimit training data and various adaptation techniques.

The experiments show a hypothetical scenario where an ASR system initially uses acoustic models

trained on band-limited high-quality audio data and the application has to recognise low-bandwidth

telephone-quality data. For these experiments all audio was band-limited and MVA feature processing

was applied. Each experiment was repeated five times to obtain average accuracy values. The legend

tags presented in the figure mean the following;

• WSJ NTIMIT BP - Trained acoustic models on all the band-limited WSJ training data and

decoded band-limited NTimit test data.

• NTIMIT BP - A complete system trained and tested on band-limited NTimit data.

• WSJ NTIMIT TFF - Acoustic models trained on transfer-function filtered band-limited WSJ

data which used increasing amounts of band-limited NTimit data to estimate the filtering func-

tion and tested on band-limited NTimit testing data.

• WSJ NTIMIT MLLR BP - MLLR adapted WSJ acoustic models, using increasing amounts

of band-limited NTimit training data, tested on band-limited NTimit testing data.

• WSJ NTIMIT MAP BP - MAP adapted WSJ acoustic models, using increasing amounts of

band-limited NTimit training data, tested on band-limited NTimit testing data.

• NTIMIT RETRAIN - A NTimit system trained on increasing portions of band-limited NTimit

training data and tested on band-limited NTimit testing data.

As with the low- to high-bandwidth scenario we see regular trends. The transfer-function feature

normalisation performs the best at low triphone counts. Around 100 triphone examples MLLR starts

producing better gains and continues as the best option till around 35000 training examples. At this

point the retrained models start delivering the best gains. Somewhat improved MAP performance

may be achievable with additional parameter experimentation, as we discuss in section (4.4.5), but

we again expect only marginal utility compared to MLLR, on the one hand, and retraining, on the

other

All the phone-level correctness, phone-level accuracies, deletion, substitution and insertion errors

for the curves can be found in appendix (B) , subsection (B.1).

4.4.4 PERFORMANCE GAIN NCHLT - LWAZI

To corroborate the data dependence trends obtained with the WSJ-NTimit corpora, we repeated the

cross-channel experiments on the NCHLT-Lwazi corpora. The only difference is that the transfer-

function normalisation was dropped as the MLLR appears to give approximately the same perfor-

mance gains at really low data amounts. As with the WSJ-NTimit experiments, each experiment was
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Figure 4.2: A high-bandwidth to low-bandwidth scenario and accuracies obtained using various

acoustic models and adaptation techniques.

repeated five times and in addition, the experiments were run independently on each cross-validation

fold. Figure 4.3 shows the average improvement in accuracies (across folds) as more adaptation data

is used to adapt the high-bandwidth acoustic models to the low-bandwidth environment using various

techniques. The explanation for the legend tags which appear in the graph are;

• NCHLT LWAZI BP - Acoustic models trained on all NCHLT data, ASR system tested on

Lwazi data and datasets limited in bandwidth to 250-3400 Hz.

• LWAZI LWAZI BP - Acoustic models trained on all Lwazi data, ASR system tested on Lwazi

data and datasets limited in bandwidth to 250-3400 Hz.

• NCHLT LWAZI MLLR BP - Acoustic models trained on NCHLT data and MLLR adapted

using increasing amounts of Lwazi data, ASR system tested on Lwazi data and datasets limited

in bandwidth to 250-3400 Hz.

• NCHLT LWAZI MAP BP - Acoustic models trained on NCHLT data and MAP adapted us-

ing increasing amounts of Lwazi data, ASR system tested on Lwazi data and datasets limited

in bandwidth to 250-3400 Hz.

• LWAZI RETRAIN BP - Acoustic models trained gradually increased amounts of Lwazi data,

ASR system tested on Lwazi data and datasets limited in bandwidth to 250-3400 Hz.
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Figure 4.3: The average accuracies obtained using various adaptation methods to port high-

bandwidth (NCHLT) acoustic models to low-bandwidth (Lwazi) telephonic environment.

As can be seen in figure 4.3, unexpectedly, the MLLR (mean and variance) initial performance

is worse than applying no model adaptation, which implies that the limited adaptation data does not

generalize well. For a triphone count between 6000 to 9000 the MLLR starts producing a performance

gain but saturates relatively quickly around 12000 triphones. As with the WSJ-NTimit results the

retrained acoustic models out-perform the MAP adapted models. The retrained acoustic models start

to produce better results around 70000-80000 triphones.

Figure 4.4 shows the average performance gains, as the adaptation data amount is systematically

increased and used to adapt the low-bandwidth acoustic models to high-bandwidth environment. The

legend tags have the following meaning;

• LWAZI NCHLT BP - Acoustic models trained on all Lwazi training data, recognition per-

formed on NCHLT testing data and both datasets band limited to 250-3400 Hz.

• NCHLT NCHLT BP - Acoustic models trained on all NCHLT training data, recognition per-

formed on NCHLT testing data and both datasets band limited to 250-3400 Hz.

• NCHLT NCHLT 16k - Acoustic models trained on all NCHLT training data, recognition per-

formed on NCHLT testing data and both datasets used original 16 kHz sampled data.

• LWAZI NCHLT MLLR BP - Acoustic models trained on Lwazi training data and MLLR

adapted using increasing amounts of NCHLT training data, recognition performed on NCHLT
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data and both datasets band limited to 250-3400 Hz.

• LWAZI NCHLT MAP BP - Acoustic models trained on Lwazi training data and MAP

adapted using increasing amounts of NCHLT training data, recognition performed on NCHLT

data and both datasets band limited to 250-3400 Hz.

• LWAZI NCHLT MAP 16k - Acoustic models trained on Lwazi training data and MAP

adapted using increasing amounts of NCHLT training data, recognition performed on NCHLT

data. The Lwazi data was band limited and the NCHLT data was left at full bandwidth.

• NCHLT RETRAIN 16k - The acoustic models were trained on increasing amounts of

NCHLT training data and recognition was performed on NCHLT testing data. The full band-

width of the NCHLT data was used.
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Figure 4.4: The average accuracies obtained using various adaptation methods to port low-

bandwidth (Lwazi) telephonic acoustic models to high-bandwidth (NCHLT) clean environment.

Figure 4.4 is quite similar to the NTimit to WSJ transition experiments. At 100 triphone counts,

MLLR provides a gain in performance and continues to produce the best gain in performance until a

triphone count of around 18000, where the retrained models start providing the best accuracy. Again,

the 16k MAP performs better than its band-limited counterpart but does not improve on the retrained

models.

All the phone-level correctness, phone-level accuracies, deletion, substitution and insertion errors

for the curves can be found in appendix (B) , subsection (B.2).
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4.4.5 MAP PERFORMANCE INVESTIGATION

To establish whether or not the perceived poor MAP adaptation performance was related to the

choice of adaptation parameters, we ran a few MAP adaptation experiments using various pa-

rameter values. The aim was to find parameter combinations that would produce the best pos-

sible MAP performance for various adaptation data amounts. The MAP training procedure has

two degrees of freedom; (1) τ the prior information weight and (2) the number of iterations used

to update the model parameters. To aid in the investigation of the effect of adaptation parame-

ter choice we chose to MAP adapt the band-limited NTimit acoustic models using 16 kHz WSJ

data. For τ we choose values around the value of 10 as suggested by HTK [10], τ ∈ [5, 10, 20]

– the smaller the value the less weight is given to the prior information. Then, for each τ value

we ran experiments using a set of iterations chosen to be [1, 2, 3, 5, 10, 20]. For each iteration

count we adapted the acoustic models using various data amounts; the selected triphone counts

were [1000, 2000, 4000, 8000, 16000, 32000, 64000, 128000, 256000, 512000]. Again, each experi-

ment was repeated five times to obtain an average accuracy value.

The band-limited NTimit acoustic models were MAP adapted and retrained on high-bandwidth

WSJ 16kHz data and the MLLR adaptation was estimated on band-limited WSJ data. These choices

were based on results presented in section (4.4.3) for the low-bandwidth to high-bandwidth sce-

nario. The MLLR technique produced improved accuracies when estimating the transforms on band-

limited audio data and was not effective in reducing the mismatch when trying to match band-limited

telephone-quality trained acoustic models to high-bandwidth data. Similarly, the MAP adaptation

approach produced improved accuracy gains when adapting band-limited telephone-quality acoustic

models to high-bandwidth testing data.

Table 4.12 shows the acoustic model accuracies when MAP adapting using 16 kHz WSJ data,

MLLR adapting using BP WSJ data and retraining the acoustic models on 16 kHz WSJ data. The

accuracy values shown in column one (MAP 16 kHz WSJ) are the best accuracy values obtained for

the specific triphone counts over all combinations of informative prior weight τ , iteration counts and

triphone counts. For a full listing of the results refer to tables A.1, A.2 and A.3 which can be found

in the appendix (A).

The only win observed for MAP is at 32000 with an accuracy of 61.01 % which is marginally

better than that of the retrained model accuracy at 60.9 %. For lower triphone counts MLLR is the

best adaptation option and as the data amount increases, retraining the acoustic models produces the

best results. This suggests that MAP might possibly be the best method for a narrow band of tri-

phone counts in our experimental condition. This small gain, however, does not justify the parameter

searching required, and could very well be sampling noise.
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Table 4.12: Comparison of the accuracies obtained using MAP adaptation, MLLR adaptation and

retraining the acoustic models.

Triphone count Adaptation Method

MAP 16 kHz WSJ RETRAIN 16kHz WSJ MLLR BP WSJ

1000 22.64 - 44.92

2000 29.44 34.46 46.23

4000 36.86 43.81 47.47

8000 45.41 48.92 48.94

16000 54.01 54.26 49.52

32000 61.01 60.9 -

64000 66.47 66.86 -

128000 70.73 71.85 -

256000 73.29 76.43 -

512000 74.82 80.45 -

4.5 CONCLUSION

In this chapter we analysed the performance gains afforded by the use of several standard feature

normalisation and model adaptation techniques for adapting between narrow-band and wideband

speech corpora. The feature normalisation approaches investigated were cepstral mean normalisation

(CMN), cepstral mean and variance normalisation with arma filtering (MVA) and a novel transfer-

function filtering normalisation. Amongst the model adaptation techniques, we evaluated maximum

likelihood linear regression (MLLR) for mean and variance adaptation and maximum a-posteriori

(MAP) adaptation of the weights, means and variances. The main conclusions that may be drawn

from the work are:

• A large performance gain can be achieved if the bandwidths of varying sources of data are

properly matched. This is intuitive as we should extract speech information from relevant

portions of the spectrum.

• CMN performed comparably to MVA for the WSJ-NTimit experiments. The only real benefit

provided by MVA was the total number of utterances that were decoded for severely mis-

matched conditions.

• The novel transfer-function filtering feature normalisation approach performed comparably to

MLLR for low adaptation counts but the observed gains plateau quickly as more data was

added. Other benefits of the transfer-function normalisation method are that it does not require

transcriptions to perform the normalisation and can be applied independently of the various

model-based adaptations.

• For low adaptation data amounts MLLR provides the best accuracy gain.

• MLLR works well in reducing the mismatch for bandwidth matched adaptations but failed

to achieve ASR system accuracies when transforming band limited acoustic models to full

bandwidth models (16kHz).
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• As the adaptation data count approaches 10000 to 100000 triphone examples, retraining the

acoustic models becomes a viable option – out-performing MLLR and MAP.

• Around the 10000 to 100000 adaptation triphone count MAP starts to perform better than

MLLR but never beats the retraining the acoustic models.

• Our findings are in agreement with many results in the literature, but also in conflict with some

other findings; this emphasised the fact that some of the strengths and weaknesses of the various

adaptation techniques depend on the particular use case (e.g. speaker adaptation vs. dialect

adaptation vs. channel adaptation). The main contribution of the current chapter is to arrive

at a consistent picture of the behaviour that can be expected for the specific case of adaptation

between low- and high-bandwidth applications. We believe that this picture will be particularly

useful for system developers in the developing world, who are likely to be confronted with this

scenario in practice.

We have demonstrated the efficiency of feature normalisation and model adaptation techniques to

reduce the mismatch between telephone-quality and high-bandwidth speech audio. To obtain the best

results for channel mismatched scenarios one should employ bandwidth matching, MVA feature nor-

malisation, apply MLLR mean and variance transformation at relatively low adaptation data amounts

and after 10000 triphone training examples, retrain the acoustic models on data sourced from the

operating environment.

Similar to previously published work we have seen MLLR provide the best adaptation for low

data amounts but the observed gains become saturated relatively quickly as more data is added. At

this saturation point MAP adapting and retraining the acoustic models become better adaptation op-

tions. For channel and environmental adaptation, retraining the acoustic models provides better results

compared to MAP adaptation. This is contrary to the speaker-adaptation task where the channel and

environment characteristics are similar and the only substantial difference is the triphonic content and

speaker characteristics. In this case MAP has a much greater window of data amounts where it is the

best adaptation option.
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EFFICIENT DATA SELECTION FOR ASR

5.1 INTRODUCTION

Current state-of-the-art speech recognition systems use HMMs to model speech acoustic event se-

quences. The models capture statistical information, which relates the observed acoustic event se-

quences to hidden unit sequences such as words or phones as well as temporal acoustic event structure.

The statistical modelling by the HMM makes it reliant on the observed data, and as was mentioned in

section (2.5), we would like to minimize the amount of data that is required to obtain a specified level

of accuracy, in order to make the creation of speech corpora in under-resourced languages as efficient

as possible.

As summarized in section (2.5), Moore [48] found that there is a logarithmic relationship between

Word Error Rate (WER) and training data amount, which implies that simply adding data at random

is a slow method of increasing ASR system performance and theoretically vast amounts data are

needed to drastically reduce the WER. Wu et. al. [7] and Nagorski et. al. [47] showed that it is

possible to select a subset of the data to achieve ASR performance comparable to using all the data.

A uniform selection criterion (maximum entropy principle) can in some cases enable ASR system

performance comparable to that of systems trained on much larger datasets [7]. However, the uniform

selection criterion is somewhat ad-hoc: it does not take the data’s unit distributions into account and

does not work in all situations (as shown in [50]). It is therefore doubtful that the training strategy

proposed in [7] produces an optimal system performance in general. If one had access to a target unit

distribution, the KL-divergence metric could be used to select utterances from a larger corpus and

create a training distribution which matches the testing distribution [50]. In practice, however, the test

distribution is not known or is specialized to a specific task which will not generalize well.

One aspect, however, shared by all ASR systems and independent of ASR configuration, is the

relationship between the occurrence of training units in a training data set and the accuracy the unit
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achieves in the final evaluation. To our knowledge no-one has based the selection criteria on the

relationship between units’ accuracies and their occurrence in the training data. From this, the goal

of our research is to

• Develop a theoretical framework which guides a unit selection process based on the relationship

between the number of training occurrences and resulting accuracy with the goal of improving

the final ASR performance.

• Create an implementation of the theory for validation purposes.

The main purpose of our work is corpus design. Creating a corpus from scratch is a resource-

intensive process, including such tasks as prompt design, data collection, validation, packaging and

logistical management. Using data selection criteria to improve ASR accuracy, can improve the

effectiveness of the corpus design and contribute to efficient data collection which is a necessity in

resource constrained environments. However, for our initial investigation into optimal data selection

we will limit ourselves to the evaluation of proposed techniques on existing corpora to establish the

validity of the theory and implementation.

In section (5.2) we describe the unit selection theory and implementation strategy. The experi-

mental corpora and setup are described in section (5.3). Our results are provided in section (5.4) and

final remarks are captured in section (5.5).

5.2 THEORY

5.2.1 ASR TRAINING UNITS

Currently, ASR systems use HMMs to model phones by representing a phone as a sequence of states.

Phonetic context has a significant effect on the acoustic realisation of a phone [68], which is most

pronounced at the transitions between phones. To better model the phonetic context effect, multi-

state HMMs are used, where each state models a part of the phone. In this case, however, the initial

and final state probability density functions (PDF) generally have much larger variances, compared

to the centre states, due to the phone transitions [68]. To improve state PDF modelling acoustic units

larger than phones are used. Schwartz et. al. [68] proposed the triphone to approximately model

all possible phone contexts – a triphone is created by taking into account the left and right phones

surrounding a specific phone. In effect a triphone models the centre phone conditioned on the adjacent

phones and improves the modelling of acoustic effects introduced by phone contexts [68]. Triphones

serve as the current standard sub-word modelling unit in ASR systems since context-dependent phone

modelling improves performance drastically.

One drawback of introducing triphones is data scarcity since there is not enough data to model

certain triphones robustly. The standard approach to overcome limited data is tree-based state tying

[23], where HMM states are shared amongst related HMMs, which reduces the number of states and

increases the data amount per state – initially all states are pooled into a single root node, then a
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process of node splitting is followed which partitions the states using phone-context questions. The

question which results in the greatest log-likelihood gain is used to split the node.

5.2.2 TRIPHONE TRAINING UNIT

The triphone unit is a complex entity which inherently has a context relationship with surrounding

triphones and a non-linear relationship to other triphones through the tied-state sharing strategy. So

can the individual triphones be used when modelling the ASR system accuracy? To investigate the

suitability of using triphones in modelling an ASR system’s performance, two relationships are likely

to play an important role:

• The correlation between the accuracies of a triphone and the triphones immediately adjacent

to it – this correlation is caused by local contextual relationships, and is not directly useful for

corpus design.

• The correlation between a triphone’s accuracy and the number of times the triphone occurred in

the training corpus, which is a logical consequence of the relationships reported by Moore [48],

and could be used to select triphone occurrence counts in order to design ASR corpora.

To investigate these correlations, the Pearson product-moment correlation coefficient and Spear-

man’s rank correlation coefficient were used. The Pearson correlation coefficient indicates the linear

dependence between variables while Spearman’s rank correlation coefficient indicates the non-linear

dependence between variables. For both correlation tests, the coefficient’s value ranges from −1 to 1,

which shows a highly negative correlation and highly positive correlation respectively. The Pearson

correlation coefficient r is estimated using,

r =

�

i(Xi −X)(Yi − Y )
�

i(Xi −X)2
�

i(Yi − Y )2
, (5.1)

where Xi and Yi are raw scores and X and Y are the associated raw score means. The Spearman

correlation coefficient ρ is estimated using,

ρ =

�

i(xi − x)(yi − y)
�

i(xi − x)2
�

i(yi − y)2
, (5.2)

where xi and yi are the ranks of the respective raw scores Xi and Yi, and, x and y are the average rank

values. To interpret the correlation coefficient values we make use of the guidelines set out in table

5.1 and table 5.2. Table 5.1 shows the interpretations for the Pearson product-moment correlation

coefficient value strengths and table 5.2 shows the interpretations for the Spearman’s rank correlation

coefficient value strengths.

To compute the Pearson and Spearman correlation coefficients, we used the Matlab function

corr [69]. When calculating the statistical significance of correlation coefficients the function makes

use of the Student’s t distribution for Pearson estimations while for the Spearman estimates, exact
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Table 5.1: Interpretations for the various Pearson product-moment correlation coefficient strengths.

Adapted from [1].

Pearson coefficient r range Interpretation

+0.70 or higher very strong positive relationship

+0.40 to +0.69 strong positive relationship

+0.30 to +0.39 moderate positive relationship

+0.20 to +0.29 weak positive relationship

+0.01 to +0.19 no or negligible relationship

-0.01 to -0.19 no or negligible relationship

-0.20 to -0.29 weak negative relationship

-0.30 to -0.39 moderate negative relationship

-0.40 to -0.69 strong negative relationship

-0.70 or higher very strong negative relationship

Table 5.2: Interpretations for the various Spearman’s rank correlation coefficient strengths. Adapted

from [2].

Spearman coefficient ρ range Interpretation

+0.9 to +1.0 very strong positive relationship

+0.7 to +0.89 strong positive relationship

+0.5 to +0.69 moderate positive relationship

+0.3 to +0.4.9 moderate to low positive relationship

+0.16 to +0.29 weak to low positive relationship

+0.16 to -0.16 no or negligible relationship

-0.16 to -0.29 weak to low negative relationship

-0.3 to -0.49 moderate to low negative relationship

-0.5 to -0.69 moderate negative relationship

-0.7 to -0.89 strong negative relationship

-0.9 to -1.0 very strong negative relationship

permutation distributions are used for small sample sizes and large-sample approximations for large

sample sizes. The returned P-Values are calculated by doubling the more significant of the two one-

tailed tests.

5.2.3 TRIPHONE CORRELATION INVESTIGATION

5.2.3.1 EXPERIMENTAL SETUP

To investigate the correlation aspects of the triphones two ASR systems were created. The first was

trained on a portion of the American English Broadcast News (BN) corpus, where audio segments

were selected if they were marked as high-fidelity and read speech. The second system, was trained

on an inflated American English read-speech Wall Street Journal (WSJ) corpus which was created by

adding all the training, development and evaluation data into a single training corpus. The WSJ sub-

corpus that was used was only a portion of the entire WSJ corpus and was sourced from data corpus

labelled “The Continuous Speech Recognition Wall Street Journal Phase I (CSR-WSJ0) Corpus”.
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Table 5.3 shows the number of hours of data for the BN and WSJ corpora.

Table 5.3: The number of hours of audio data for the BN and WSJ corpora used to investigate triphone

correlation aspects.

Corpus # hours

WSJ 62.8

BN 21.7

The ASR systems trained on either the BN and WSJ data used three tied-state HMMs to model

triphones with eight Gaussian mixtures per state as well as training 40-class semi-tied transforms.

39-dimensional Mel-Frequency Cepstral Coefficients (MFCC) were created by extracting 13 static

coefficients and appending delta and double delta coefficients. Speaker-based Cepstral Mean Normal-

isation was applied to the cepstral vectors. Speaker-based normalisation was used to keep consistency

throughout our experiments since for later experiments some corpora had short one word utterances

which is not enough data to estimate reliable mean vectors on a per utterance basis.

5.2.3.2 CALCULATING TRIPHONE ACCURACY

Triphone accuracies were calculated from deletion and insertion balanced phone-level recognition

outputs. The BN-trained system was used to recognise all the WSJ data and similarly the WSJ-

trained system was used to recognise all the BN audio data. The phone outputs were expanded to

triphones and all silence models were removed – silence and short-pause. The alignments had to be

processed further by altering triphone contexts around silence markers which did not occur at the

start and end of an utterance. This involved removing the silence markers from the triphone name

and inserting the appropriate phone name. To calculate a specific triphone’s recognition accuracy, a

correct accumulator, an error accumulator and a total accumulator are created for the triphone and set

to zero. Then for each utterance, a triphone’s accuracy was calculated as follows:

• The triphones from the recognised output were pooled together. (Our preliminary results

showed a very slight difference in triphone accuracies and errors when comparing the pooled

method and DP alignments)

• The corresponding utterance from the reference set (containing the true triphone sequence),

was selected.

• The total accumulator for each triphone in the reference set was incremented.

• Each triphone appearing in the reference set, was selected and a check was performed to see if

it occurred in recognition output triphone pool.

• If the triphone was present, the correct accumulator was incremented. The triphone was then

removed from the pool.
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• If the triphone was NOT present, the associated error accumulator was incremented.

• If any triphones were left in the recognition output pool, after processing all the triphones from

the reference set, then each associated triphone error accumulator was incremented.

To calculate the final triphone accuracy, the final correct accumulator was divided by the sum of the

final total and final error accumulators.

5.2.3.3 TRIPHONE CORRELATIONS

The first question to be addressed is: what correlation exists between a triphone’s accuracy and the

accuracies of the triphones immediately adjacent to it? To measure this correlation, a two-column

table containing triphone accuracy pairs was set up. A pair was created as follows: if a triphone

sequence was tA tB tC then the first pair would be tA tB and the second pair would be tB tC . Table

5.4 shows the Pearson and Spearman correlation coefficients which measured the correlation between

a triphone’s accuracy and the accuracies of triphones immediately adjacent to it for both the BN and

WSJ ASR systems as well as the statistical significance P-Values. The values in table 5.4 show that

for both systems and both correlation tests, there exists a low to weak correlation between a triphone’s

accuracy and the accuracies of the triphones immediately adjacent to it.

Table 5.4: The Pearson and Spearman correlation coefficients, and the associated P-values, which

measured the correlation between a triphone’s accuracy and the accuracies of triphones immediately

adjacent to it for both the BN and WSJ ASR systems.

Training Corpus Pearson P-Value Spearman P-Value

WSJ 0.2272 0.00E+00 0.2561 0.00E+00

BN 0.2249 0.00E+00 0.2540 0.00E+00

Table 5.5 shows the Pearson and Spearman correlation coefficients, and associated statistical sig-

nificance test P-Values, which measured the correlation between a triphone’s accuracy and the ac-

curacies of triphones two positions away from it for both the BN and WSJ ASR systems. For this

test, a similar two column table was constructed but instead the pairs were created as follows: given

a triphone sequence tA tB tC tD tE , pairs tA tC and tC tE are inserted as tables entries. The values

in table 5.5 show that for both systems and both correlation tests, an insignificant correlation exists

between these triphone accuracies. This implies triphone errors fade quickly and that triphones two

positions apart have independent accuracies, to a good approximation.

The second relationship which was investigated was the correlation between a triphone’s accuracy

and the number of times the triphone occurred in the training data. To measure the correlation a two

column table was set up which contained a triphone’s accuracy and the training occurrence count.

Table 5.6 shows the Pearson and Spearman correlation coefficients for WSJ and BN ASR systems and

the statistical significance test P-Values. The Pearson values show that there is a weak to moderate

linear relationship between triphone accuracy and training count. The Spearman measure shows that
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Table 5.5: The Pearson and Spearman correlation coefficients, and the associated P-Values, which

measured the correlation between a triphone’s accuracy and the accuracies of triphones two positions

away from it for both the BN and WSJ ASR systems.

Training Corpus Pearson P-Value Spearman P-Value

WSJ 0.0253 0.00E+00 0.0340 0.00E+00

BN 0.0243 0.00E+00 0.0315 0.00E+00

there is a strong non-linear correlation between the two entities, which is compatible with Moore’s

[48] findings of a logarithmic relationship between ASR system accuracy and the amount of training

data.

Table 5.6: The Pearson and Spearman correlation coefficients, and the associated P-Values, which

measured the correlation between a triphones accuracies and the number of times the triphone oc-

curred in the training set for both the BN and WSJ ASR systems.

Training Corpus Pearson P-Value Spearman P-Value

WSJ 0.2888 0.00E+00 0.7604 0.00E+00

BN 0.3924 0.00E+00 0.7809 0.00E+00

Based on the correlation results, triphones seem to be a good candidate unit to model an ASR

system’s performance as there is a strong non-linear correlation between an triphone’s accuracy and

the number of times the triphone occurred in the training data. There is a weak to low correlation

between adjacent triphones accuracy which a model could take into account for improved modelling,

but for the development of our approach we assume triphone accuracy independence which should

not severely impact the triphone accuracy modelling.

5.2.4 TRIPHONE TYING

Generally, for current ASR systems there is insufficient data to train all the triphones robustly and

thus state tying is used to share data amongst similar states (see section (2.2.4)). Throughout our

experiments we use the question-tying scheme introduced by Young [23] which has the benefit of

allowing unseen triphones. The questions we defined are basic and are questions based on the left and

right contexts of the individual monophones – no additional groupings (e.g. broad class such such as

nasal or vowel) are created. All the triphones which have the same central monophone are pooled and

used to create the shared states. The way in which states are tied, however, is highly non-linear and

physical triphones may share data from a variety of other triphones. In addition, the triphones’ states

may themselves share data from different triphones and not in equal counts – for instance triphone

A’s state 2 may share data with 5 triphones while state 3 shares data from 3 triphones. Therefore it

becomes difficult to assign a training count to a triphone given state tying. For the scope of our work

we do not delve into the assignments made by state-tying and treat the triphones as distinct units and

derive the triphone counts from the training data.
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5.2.5 FRAMEWORK

The fundamental modelling unit for current ASR systems are tied-state triphones. As motivated

above, it is reasonable to presume that the overall ASR system performance is related to the triphone

recognition accuracy – words are recognised from monophone sequences and monophone sequences

are extracted from recognised triphone sequences. Thus, word accuracies are related to monophone

accuracies which are related to triphone accuracies. Therefore, our first assumption is that the overall

ASR system’s accuracy is related to the individual triphone accuracies.

In section (5.2.3) we showed that there exists a strong correlation between a triphone’s accuracy

and the number of times the triphone appeared in the training data. In addition, the correlation be-

tween the accuracies of adjacent triphones is low to weak. Thus, secondly, we assume that a triphone’s

accuracy is primarily determined by the number of times it occurs in the training data only and for the

scope of this work we ignore adjacency effects. Given these two assumptions, we can mathematically

formulate the overall system performance as,

Atotal =
N
�

i=1

piAi(ni), (5.3)

where Atotal is the overall system accuracy, pi is the probability of occurrence for triphone i and Ai

is the ith triphone accuracy dependent on the occurrence count. Thus, equation (5.3) states that the

overall system accuracy is given by the sum over all individual triphone accuracies multiplied by the

probabilities of their occurrence.

When collecting data in resource-scarce environments, there are limited resources with which

to collect data. Thus, the collected corpus will contain a limited amount of data determined by the

resource investment. Therefore, to represent this resource constraint we introduce a corpus design

constraint, which limits the total triphone count to a specified number. To enforce this constraint, we

introduce a Lagrange multiplier into equation (5.3) and rewrite it as,

Atotal =
N
�

i=1

piAi(ni) + λ(
N
�

i=1

ni −N), (5.4)

where λ is the Lagrange multiplier, ni is the ith triphone count and N is the total triphone count in

the training corpus. Given our equation that describes the ASR system accuracy we would like to

find the optimal assignment of triphone training counts which improves the ASR system’s accuracy.

In order to find the optimal triphone counts, we need to calculate the first derivative of equation (5.4)

and set it equal to zero,

∂Atotal

∂ni
= 0, (5.5)

which will provide the optimal assignment of the triphone counts and maximise the overall system

accuracy Atotal . Working through the derivation we obtain,
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∂Atotal

∂ni
= pi

∂Ai(ni)

∂ni
+ λ, (5.6)

where pi is the probability of triphone occurring,
∂Ai(ni)

∂ni
is the derivative of an individual triphone ac-

curacy with respect to its training count and λ is the Lagrange multiplier introduced by the constraint
�N

i=1 ni = N .
∂Ai(ni)

∂ni
and λ are unknown and need to be calculated.

Once these values have been calculated it becomes an easy task to solve for the triphone counts

ni. The most difficult part in solving the above equation (5.6) is finding a suitable expression for

the individual triphone accuracies Ai(ni). Given that we have to calculate the derivative of Ai(ni),

it would be convenient to find a suitable functional form which would avoid the use of numerical

derivative techniques.

5.2.6 SELECTING AN ACCURACY FUNCTION

In the previous section we have derived an expression for the optimal number of triphones to include

in a corpus in order to maximise an ASR system’s accuracy, summarized in equation (5.6). To solve

for the optimal triphone count we must have a suitable triphone accuracy function which relates

an individual triphone’s accuracies to the number of times the triphone occurred in the training set.

Here, we consider two theoretical distributions as well as two empirical distributions, and select a

compromise that will allow us to investigate the potential of our approach.

• There are simple arguments from learning theory [70] that suggest an asymptotic functional

relationship of the form

Ai(ni) = B − C

ni

, (5.7)

with constants B and C again problem-specific and algorithm-specific parameters, and with

the relationship only expected to be valid for large ni. Figure 5.1 shows a plot of equation (5.7)

which relates triphone accuracy to triphone count and where we have assigned the values B =

100, C = 1000. As expected, a triphone’s accuracy is initially low but increases rapidly as

more data is added, reaching a plateau when ni reaches the same order of magnitude as C .

This roughly coincides with ASR systems’ behaviour which generally shows a benefit when

data amount is steadily increased but eventually the observed improvement diminishes.

Using equation (5.6), substituting the derivative of equation (5.7) and setting the results to zero

we can rearrange the equation to obtain an expression for the triphone counts ni. The steps

followed are,

∂Atotal

∂ni
=

piC

n2
i

+ λ, (5.8)

piC

n2
i

+ λ = 0, (5.9)

SCHOOL OF ELECTRICAL, ELECTRONIC AND COMPUTER ENGINEERING 81



CHAPTER FIVE EFFICIENT DATA SELECTION FOR ASR

 0

 10

 20

 30

 40

 50

 60

 70

 80

 90

 100

 0  100  200  300  400  500  600  700  800  900  1000

T
ri
p
h
o
n
e
 A

c
c
u
ra

c
y
 (

%
)

Triphone Count

Triphone Accuracy versus Triphone Count

Figure 5.1: The hypothetical asymptotic accuracy function which describes the triphone accuracy

given the triphone count.

ni =

�

piC

−λ
. (5.10)

It would be more convenient to calculate the triphone prior which will give us a way of cal-

culating the triphone counts independently of data size. Thus, we can rewrite the triphone

counts as a function of the total triphone count as ni = qiN . Substituting this expression into

equation (5.10), we obtain an expression for the triphone prior,

qiN =

�

piC

−λ
, (5.11)

qi = K
√
pi, (5.12)

where K = N
�

C
−λ

. To solve for the prior qi, which will be the optimal prior set, we use

the constraint that the sum of the prior must equal 1,
�N

i=1 qi = 1, which implies that K =
1�

N

i=0

√
pi

. Finally, given the values of the initial training set triphone prior, we can calculate the

optimal prior by taking the square root of the initial priors and then normalising their values

such that they sum to equal one.

• On the other hand, Moore [48] produced a variety of evidence showing a logarithmic relation-
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ship between the WER and the total amount of data used to train an ASR system. If we assume

that the same trend holds for individual triphone accuracies, we obtain a relationship of the

form

Ai(ni) = B + C log ni, (5.13)

with B and C parameters that describe the details of the logarithmic improvements suggested

by Moore. Following the same steps as above, we find that this assumption requires that

qi = pi (5.14)

in order to optimize ASR accuracy.

Thus, these two functional forms lead to data-selection approaches that range between “natural”

selection (i.e. the selected triphone frequencies should match those that occur in the reference data)

to “compressed” selection, where the selected frequencies are proportional to the square root of the

occurrence frequencies. Which of these forms is most appropriate for speech data is an empirical

question, and we investigate evidence from a few widely-studied corpora below.

5.2.7 TRIPHONE ACCURACY FUNCTION: EMPIRICAL EVIDENCE

In order to gain a better understanding of the relationship between accuracy and frequency, triphone

accuracies were measured for the WSJ and BN corpora. The corpora, ASR systems and manner in

which we calculated the triphone accuracies are highlighted in section (5.2.3).

Figure 5.2 (A) shows the average triphone accuracy as a function of triphone training occur-

rence estimated using a BN trained ASR system and recognising WSJ data, and figure 5.2 (B) shows

the number of distinct triphones used to average the triphone accuracies. Similarly, figure 5.3 (A)

shows the average triphone accuracy as a function of triphone training occurrence estimated using

a WSJ trained ASR system and recognising BN data, and figure 5.3 (B) shows the number of tri-

phones used to average the triphone accuracies. The average triphone accuracy figures (A) both show

a logarithmic-style relationship between the triphone accuracy and the number of triphone training

examples – ever increasing amounts of data are needed to improve the accuracy. These figures are rel-

atively smooth to triphone counts of around 100, but start to fluctuate after this point. The fluctuation

can largely be put down to the limited number of examples that are used to average the accuracies

as shown in the (B) figures – the triphones which have high training counts usually only have one

example with which to calculate an average accuracy. Hence, factors other than the triphone count

(e.g. the inherent variability of a particular triphone) are excessively influential in those accuracies.

The triphone accuracy graphs shown in figures 5.2 (A) and 5.3 (A) are quite noisy and it is difficult

to get a sense of what the underlying trends are above the 100 triphone training count. Therefore, to

obtain a set of smooth figures a simple smoothing technique was employed – a moving average filter

using 100 samples either side of each data point was used to calculate the smoothed accuracies. Figure
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Average BN ASR System Triphone Accuracies
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Figure 5.2: Graph (A) shows BN-derived triphone accuracy as a function of triphone training count

using the WSJ corpus as an evaluation set. Graph (B) shows the number of examples used to average

the triphone accuracies.

5.4 shows the smoothed graphs for the triphone accuracies as a function of triphone training count

for both the BN and WSJ systems. Besides the artefact at the end of the graphs, where the triphone

accuracies decrease, the general trend is a gentle increase in accuracies from counts 1 to about 20,

then a rapid increase in accuracies from about 30 to 750 triphone count, and, finally a diminishing of

the accuracy improvements above a count of 750.

These graphs are roughly compatible with both of the functional forms in the previous section, but

in the large-n region, where we would hope to understand their differences in most detail, the graphs

are too noisy for useful conclusions to be made. Fortunately, we can smoothly change from one form

to the other by adjusting the exponent of pi that is proportional to qi: if it is 1.0, we obtain the optimal

distribution for the logarithmic relationship, an exponent of 0.5 is optimal for the relationship derived

from learning theory, and intermediate values of the exponent presumably correspond to intermediate

relationships between accuracy and training count. (Another alternative is to model curves such as

those in figure 5.2 and figure 5.3 in more detail; as we show in appendix (C) , such an approach does

not seem promising in the current circumstances). Thus, we will set

qj =
pri

�

k p
r
k

, (5.15)

where r is the compression factor. To obtain the target total number of training triphones, the
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Average WSJ ASR System Triphone Accuracies
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Figure 5.3: Graph (A) shows WSJ-derived triphone accuracy as a function of triphone training count

using the BN corpus as an evaluation set. Graph (B) shows the number of examples used to average

the triphone accuracies.

compressed and normalised probabilities of occurrence are multiplied by the total target count and

rounded to remove fractional components.

5.2.8 GREEDY UNIT SELECTION

To select the target triphone count distribution we used a data selection approach similar to the reg-

ularised Kullback-Leibler divergence-based data selection proposed by Gouvea and Davel [50]. The

regularisation is controlled by a user-specified constant. In their approach, the main goal was to select

a set number of utterances (N), from a larger dataset (T), to match a target distribution of n-grams. The

algorithm initialises a candidate subset by randomly selecting N utterances. For all utterances which

are left in dataset T, an utterance (U) is selected and used to substitute, one at a time, all the utterances

found in the candidate subset. For each substitution, the change in KL-divergence is measured. Once

all possible substitutions have been made for the candidate subset utterances, the substitution which

gives the greatest decrease in regularised KL-divergence is made.

Our data selection requires selecting a number of utterances which will produce the desired dis-

tribution and limit the number of training triphones to a set amount. Thus, we modified the Gouvea

and Davel [50] approach in a number of ways. Our algorithm steps are:

• Initialisation Stage: The candidate subset is created by randomly selecting utterances and lim-
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Figure 5.4: Smoothed graphs showing triphone accuracy as a function of triphone training count for

the BN and WSJ experiments.

iting the number of utterances by the number of training triphones instead of a set utterance

count.

• Main Stage: The main stage of the algorithm implemented an iterative two-phase selection

process.

– Phase One Addition: For the first phase, on a per utterance basis, each remaining training

set utterance is added to the candidate subset, the KL-divergence measured, and then

removed from the candidate subset. The utterance which results in the largest decrease in

KL-divergence is added to the candidate subset.

– Phase Two Removal: For the second phase, on a per utterance basis, each utterance in the

candidate subset is removed, KL-divergence measured and the utterance placed back into

the candidate subset. The utterance which results in the largest decrease in KL-divergence

is removed.

• Correction Phase: The correction phase ensures that the candidate subset has the correct num-

ber of target triphones.

– If the training triphone count is too high then, utterances are removed from the candidate

subset, via Phase Two Removal, until the target count is reached.
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– If the training triphone count is too low, utterances are added from the training set, via

Phase One Addition, until the target count is reached.

5.3 EXPERIMENTAL SETUP

This section describes the corpora used in our investigations, data selections and experimental setups.

5.3.1 CORPORA

5.3.1.1 TIMIT

The Timit [71] corpus contains read-speech American English high-bandwidth audio recordings. The

corpus contains 6300 utterances collected from 630 speakers each contributing 10 utterances. The

speakers were selected from eight distinct dialect regions. The corpus has a 70-30 percent male-

female gender split. The text prompts consisted of dialect, phonetically-compact and phonetically-

diverse sentences. Two dialect sentences were read by all speakers and used to measure dialect

differences. The phonetically-compact sentences were designed to cover phonetic pairs and each

speaker spoke five sentences with seven speakers reading the same sentences. The phonetically-

diverse sentences added phonetic diversity and were selected to maximise allophonic contexts. Each

speaker read three phonetically-diverse sentences – unique to the specific speaker.

For our Timit experiments we removed the sentences read by all speakers, as their high frequency

severely biases the corpus distribution and thus biases the results. Table 5.7 shows statistics for the

reduced Timit corpus training and evaluation sets.

Table 5.7: Timit corpus statistics with the dialect sentences removed.

Training Evaluation

# utterances 3696 1344

# speakers 462 168

Duration (hours) 3.14 1.15

5.3.2 WALL STREET JOURNAL

The Wall Street Journal (WSJ) [57] corpus is a large American English corpus built to meet a few

design criteria. The entire corpus contains a variety of audio and text, which accommodates various

vocabulary sizes, language model perplexities, variable sized speaker-dependent and -independent

training data amounts, read and spontaneous speech, verbalised and non-verbalised punctuations

and differing recording environments. For our experiments we chose the speaker-independent read-

speech training corpus with high-quality recordings, and the 5k vocabulary evaluation corpus. The

text prompts were chosen from newspaper text. Similar to Timit we removed the speaker adaptation

sentences. We only sourced WSJ data from “The Continuous Speech Recognition Wall Street Journal
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Phase I” corpus. Table 5.8 shows statistics for the WSJ corpus training and evaluation sets, with the

speaker-adaptation utterances removed.

Table 5.8: WSJ corpus statistics with the speaker-adaptation sentences removed.

Training Evaluation

# utterances 8734 1858

# speakers 101 8

Duration (hours) 18.76 4.38

5.3.2.1 LWAZI

The Lwazi [29, 72] corpus contains telephone quality recordings and their associated transcriptions

covering the eleven official languages of South Africa. The read and elicited speech data was collected

from approximately 200 speakers per language with each speaker contributing 30 utterances. A por-

tion of the utterances were randomly selected from a phonetically balanced corpus and the remainder

are words or short phrases. For our experiments we limited ourselves to the IsiZulu language spoken

by the majority of South Africans. As the corpus does not contain dedicated training and evaluation

sets, we split the corpus into ten folds. The folds were created by randomly partitioning the speakers

into ten mutually exclusive sub-corpora, which served as the evaluation sets. The training sets were

created by cycling through the evaluation folds and assigning all folds to the training set except for

the current evaluation fold. Table 5.9 shows some statistics for the Lwazi IsiZulu sub-corpus by fold.

Table 5.9: Corpus statistics for the ten randomly selected folds for the IsiZulu Lwazi corpus.

Training Evaluation

Fold # utterances # speakers Duration (hours) # utterances #speakers Duration (hours)

1 5189 179 8.29 596 20 0.88

2 5229 179 8.34 556 20 0.84

3 5189 179 8.22 596 20 0.95

4 5196 179 8.14 589 20 1.03

5 5228 179 8.30 557 20 0.88

6 5203 179 8.20 582 20 0.97

7 5213 179 8.23 572 20 0.94

8 5197 179 8.33 588 20 0.84

9 5203 179 8.23 582 20 0.94

10 5218 180 8.32 567 19 0.86

5.3.2.2 AST

The African Speech Technology (AST) corpus contains telephony-quality speech data for five South

African languages [73]. The speech data was collected from over 200 speakers and the prompts

were chosen to support services such as teleservice transactions, hotel booking applications and in-
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formation retrieval. For our experiments we made use of the IsiZulu sub-corpus and selected the

train, development and evaluation sets described in Niesler [74] but only utilised the evaluation set

for our experiments. Table 5.10 shows some statistics for the AST IsiZulu sub-corpus by training,

development and evaluation sets.

Table 5.10: AST IsiZulu corpus statistics for the training, development and evaluation sets.

Training Development Evaluation

# utterances 8295 390 583

# speakers 199 10 16

Duration (hours) 7.03 0.28 0.45

5.3.3 DATA SELECTION

In section (5.2.6) we propose that the optimal data selection approach depends on the relationship

between the unit’s accuracy and count. To investigate our approach we define three optimal distri-

butions: (1) “natural” selection (based on the logarithmic relationship), (2) “compressed” selection

(based on learning theory) and (3) a combination of the two (“intermediate”).

To produce an optimal distribution for the “natural” selection we choose utterances at random

until a specified target total training triphone count was achieved. Throughout this chapter “natural”

represents a random selection.

The optimal “compressed” distribution was created by:

• Estimating the triphone counts from a training utterance set.

• Calculating the triphone distribution by normalising the sum of the triphone counts to one.

• Applying the square-root operator to the triphone probabilities.

• Re-normalising the transformed triphone probabilities so that they sum to one.

• Multiplying the triphone probabilities by a target training triphone count and further normalis-

ing by rounding to the nearest integer.

• Using the KL-divergence selection algorithm (see section 5.2.8) to select the target distribution

from the entire training utterance set.

To produce the “intermediate” optimal distribution, the steps which produce an optimal “com-

pressed” distribution were followed, except the triphone probabilities are raised to a power of 0.75

instead of applying the square-root operator. It was found that the Timit, WSJ and Lwazi training

corpora contained many utterance repetitions. Table 5.11 shows the number of utterances and unique

utterances found in the Timit, WSJ and Lwazi training sets. Therefore, an additional investigation
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was performed to determine the effect of estimating the triphone distributions on the unique sen-

tences only but still selecting from all the training utterances to achieve the target training triphone

distributions.

Table 5.11: The total number of utterances and unique utterances found in the Timit, WSJ and Lwazi

training sets.

Corpus # utterances # unique utterances

Timit 3696 1731

WSJ 8734 5028

Lwazi 5786 3917

Lastly, to compare our data selection results with current selection techniques, the maximum

entropy principle (max-entropy) selection was also used. We followed the max-entropy selection

algorithm outlined in Wu et. al [7] and selected either word or triphone units. Their proposed greedy

selection algorithm efficiently selects the required number of utterances by analysing the change in

entropy if an utterance is added to the training pool: if the increase is above a certain threshold then

the utterance is included in the training set. The chosen threshold determines the final size of the

training set.

To distinguish amongst the various data selection methods, the following keys will be used for

the remainder of the chapter (and relevant Appendices):

• Natural - “natural” data selection (random)

• Sqrt - “compressed” data selection

• 0.75 - “intermediate” data selection

• MaxEnt Tri - max-entropy selection based on triphone units

• MaxEnt Wrd - max-entropy selection based on word units

• Uniq Sqrt - “compressed” data selection using the unique utterance triphone distribution

• Uniq 0.75 - “intermediate” data selection using the unique utterance triphone distribution

5.3.4 MATCHED-PAIRS SIGNIFICANCE TEST

To determine the statistical significance of the performance differences measured, we employed a

matched-pairs statistical significance test described by Gillick and Cox [75]. Initially, the speech

stream is partitioned into statistically independent segments where the segment can be sentences,

speech occurring between speaker pauses or entire utterances. For our purposes we chose the entire

utterance as the segments. Next, we count the number of errors, per segment, made by the two

algorithms to be compared, N i
1or2, where i is the segment number. In an ASR setup, the error is given

by the sum of deletion, insertion and substitution errors. Given the error counts, we define a variable
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Zi = N i
1 − N i,i=1,2,...,n

2 , to be the difference in errors made in a segment and n is the total number

of segments. If the algorithms perform similarly, the average difference in the number of errors made

in a segment, µz would be close to zero, thus we would like to ascertain whether or not µz = 0. To

determine if µz is equal to zero, the test statistic W is defined as

W =
µz
σz√

n

, (5.16)

where the mean µz is given by

µz =
1

N

N
�

i=0

Zi, (5.17)

and the standard deviation σz is given by,

σz =

�

�

�

�

1

n− 1

N
�

i=1

(Zi − µz)2. (5.18)

If n is large, we can make the assumption that W will approximately be normally distributed with

unit variance. To set up the significance test, we define the null hypothesis as H0 : µz = 0 and the

alternative hypothesis is defined as H1 : µz = 0.

To test the validity of the null hypothesis, we perform a two-tailed test by computing the P-Value

P = 2Pr(Z ≥| W |), where Z is a random variable described by a standard normal distribution -

N (0, 1). The null hypothesis H0 is rejected if P < α, where α is the significance level generally set

to 0.05, 0.01 or 0.001.

5.3.5 ASR SYSTEMS

For all experiments we trained standard HMM-based ASR systems. Three state left-to-right HMMs

(beginning and ending non-emitting states not counted) were used to model tied-state cross-word

context-dependent triphones. Each HMM state contained eight mixture Gaussian models which mod-

elled the state distributions. The state-tying questions were generated by creating left and right ques-

tions for each individual phone. The audio was encoded into MFCC vectors using a 25 ms window

and shifting the window by 10 ms after encoding a frame. The MFCC vectors were 39 dimensional

and were constructed by appending 13 static, 13 first derivative and 13 second derivative components.

Speaker-based CMN was applied to each utterance. This standard HMM-based ASR setup was used

throughout our experiments. The acoustic models were trained on audio data sourced either from the

training corpus or the relevant cross-validation folds (for the Lwazi IsiZulu corpus).

5.3.6 TRAINING CORPORA

To test the various data selection approaches, we partitioned the various training corpora into frac-

tional subsets and trained ASR systems on these sub-corpora. The data-selected fractional training
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sub-corpora were generated by selecting a subset of training utterances which produced a specified

percentage of the total number of triphones which made up the entire training set. The percentages

used were 20%, 40%, 60%, and 80% e.g if a training corpus contained 100000 training triphones,

then four sub-corpora were created that contained roughly 20000, 40000, 60000 and 80000 training

triphones. In addition, for the “natural” and max-entropy selections, a growing selection strategy was

utilised, which meant that the larger sub-corpora were created by using the previous smaller sub-

corpus as a starting point and adding utterances to meet the larger training triphone counts i.e. 80%

contains all 60% utterances, 60% contains all 40% utterances and 40% contains all 20% utterances.

The Timit, WSJ and 10-fold Lwazi corpora training sets will be used to create the various sub-corpora.

5.3.7 PERFORMANCE MEASURES

The performance of the different ASR systems was measured using word correctness (Word Cor %)

and word accuracy (Word Acc %) percentages [10]. If we define S as the number of substitution

errors, D number of deletion errors, I the number of insertion errors and N the total number of labels

in the reference transcriptions, then word correctness is given by

Correctness =
N −D − S

N
× 100%, (5.19)

and, the word accuracy is given as,

Accuracy =
N −D − S − I

N
× 100%. (5.20)

To measure the word correctness and accuracy, the evaluation sets were recognised using the

acoustic models trained on the various data selections. The decoding network was built using a flat

word-loop grammar and contained only the words which occurred in the evaluation set. To evaluate

the statistical significance of the performance, the matched-pairs significance test was used as de-

scribed in section (5.3.4). The “natural” results will serve as reference for the statistical significance

tests and a significance level of 0.001 is chosen.

To verify any improvements brought about by the use of data selection methods were not merely

achieved by matching training and evaluation distributions, independent evaluation corpora are used.

This will ensure different triphone distributions for the training and evaluation sets. Specifically, the

WSJ evaluation set will be used to validate Timit data selections, the Timit evaluation set will be used

to validate WSJ data selections, and AST will be used for Lwazi data validation.

As our theory makes the assumption that the overall ASR system accuracy is given by a weighted

sum of individual triphone accuracies we will also report triphone correctness and accuracy values

as well as their statistical significance. The triphone results are derived from the word recognition

outputs which are expanded to phone-level transcriptions which are further processed to form triphone

labels.
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5.4 RESULTS

In this section we present data selection results on three significantly different corpora: American

English Timit, American English WSJ and IsiZulu Lwazi.

5.4.1 TIMIT

Table 5.12 shows word correctness, word accuracies and P-Value statistical significance for various

ASR systems trained on percentages of selected Timit data and evaluated on the Timit evaluation

set. At the 20% data percentage level the max-entropy selection methods produce significantly de-

graded performance compared to Natural selection, while the Sqrt, 0.75 and Uniq variants

produce better accuracies but only the Uniq Sqrt approach provides a significant improvement.

For the 40% level the max-entropy data selection methods produce slightly worse accuracies but the

decreases in performance are insignificant compared to the Natural approach. The remaining data

selection methods produce significantly better accuracies with Uniq Sqrt producing the best re-

sults when compared to natural selection. At the 60% level the MaxEnt Tri data selection approach

produces a significant decrease in performance while the MaxEnt Wrd method attains an insignif-

icant decrease with respect to natural selection. Again, the remaining selection methods achieve an

increase in performance, except that the 0.75 and Uniq Sqrt techniques do not produce signifi-

cant gains. For the last data percentage, 80%, both max-entropy and 0.75 techniques produce lower

accuracies compared to natural selection with MaxEnt Tri producing a significant loss in perfor-

mance. Sqrt, Uniq Sqrt and Uniq 0.75 approaches attain better accuracies yet are insignifi-

cant. Overall, MaxEnt Wrd performs better than MaxEnt Tri yet not surpassing the Natural

selection accuracies. The various compression and intermediate techniques, for the majority of cases,

provide better performance compared to Natural and max-entropy based data selections.

Table 5.12: Word correctness, word accuracies and P-Value results for Timit trained and Timit eval-

uated ASR systems using different data selection methods and percentages of the total training data.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 47.57 44.35 46.24 47.97 48.73 49.51 48.44

Word Acc (%) 40.88 37 37.75 42.09 42 43.36 42.1

P-Value - 3.32E-09 3.31E-06 4.46E-02 7.42E-02 6.63E-05 4.78E-02

40%

Word Cor (%) 53.44 51.95 53.73 55.83 55.21 57.08 56.62

Word Acc (%) 44.93 43.4 43.94 48.14 47.37 49.75 49.33

P-Value - 1.35E-02 1.41E-01 1.05E-07 4.48E-05 2.00E-15 8.94E-12

60%

Word Cor (%) 57.71 55.4 57.75 59.32 58.74 59 59.55

Word Acc (%) 49.29 45.95 48.47 51.44 50.67 51.01 51.78

P-Value - 3.27E-08 1.86E-01 1.22E-04 1.56E-02 2.91E-03 1.15E-05

80%

Word Cor (%) 60.41 58.82 60.14 60.41 60.18 60.59 60.93

Word Acc (%) 51.66 49.37 51.31 52.19 51.35 51.97 52.52

P-Value - 1.05E-04 5.47E-01 3.42E-01 5.75E-01 5.91E-01 1.28E-01

Table 5.13 presents triphone correctness, triphone accuracies and P-Value significances for Timit

trained ASR systems evaluated on the Timit evaluation set using various data selection methods and
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training data percentages. As with the word-based results, the MaxEnt Tri and MaxEnt Wrd

data selection methods both perform consistently worse when compared to the Natural selection

approach with the MaxEnt Tri approach producing significant losses for all data percentages. Only

at the 20% data percentage level does the MaxEnt Wrd method attain a significant decrease in

accuracy. For all data percentages, the word-based max-entropy selection is superior to the triphone-

based unit variant. The Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 data selection methods attain

improved accuracies for all data percentages when compared to Natural and max-entropy methods.

The improvements, however, are not all statistically significant. The Uniq Sqrtmethod obtains the

best performance for 20% and 40% data percentages, while Uniq 0.75 is the best method for the

remaining data percentages.

Table 5.13: Triphone correctness, triphone accuracies and P-Values for various Timit systems eval-

uated on Timit data. The results are displayed by data selection method and percentage of training

data.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 48.53 45.84 46.33 48.83 49.44 50.22 49.21

Tri Acc (%) 44.89 40.96 42.31 45.57 46.04 47.12 45.71

P-Value - 4.00E-15 9.55E-07 1.23E-01 1.50E-02 3.07E-06 8.76E-02

40%

Tri Cor (%) 53.66 52.15 52.88 55.42 55.32 56.48 56.11

Tri Acc (%) 48.52 46.59 47.56 50.65 50.39 52.07 51.71

P-Value - 2.65E-05 4.92E-02 1.29E-06 2.04E-05 6.00E-15 1.08E-11

60%

Tri Cor (%) 56.97 55.28 56.58 58.52 57.97 57.88 58.5

Tri Acc (%) 51.71 49.35 51.22 53.46 52.84 52.83 53.57

P-Value - 5.47E-08 2.86E-01 3.09E-05 6.23E-03 9.16E-03 8.72E-06

80%

Tri Cor (%) 59.38 58.03 59.13 59.71 59.29 59.46 59.65

Tri Acc (%) 53.97 52.23 53.6 54.39 53.98 54.12 54.59

P-Value - 2.78E-05 3.89E-01 2.73E-01 9.77E-01 7.22E-01 1.21E-01

Table 5.14 shows word correctness, word accuracies and P-Value results obtained using Timit

ASR systems trained on data selected using a variety of data selection methods and evaluated on the

WSJ evaluation set. Comparing to the Natural data selection approach, at the 20% data percentage

level the max-entropy based methods produce significantly lower accuracies. The remaining data

selection methods attain higher accuracies but only the 0.75 method provides a significant result.

For the 40% level all results are significant – max-entropy selections give degraded performances

and the Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 approaches produce better performances. At

60% the MaxEnt Tri and MaxEnt Wrd selections attain lower accuracies, however, the word-

based selection is insignificant. The remaining selection methods produce significantly better results.

Lastly, at 80% the max-entropy selections produce insignificantly decreased performances. The three

data selections methods Sqrt, Uniq Sqrt, Uniq 0.75 produce significantly better accuracies

while 0.75 data selection provides an insignificant improvement. Overall, the max-entropy based

data selections produce lower accuracies compared to Natural selection and word-based attaining

better results over the triphone unit selection. The Sqrt, 0.75, Uniq Sqrt and Uniq 0.75

techniques obtain better results with respect to the other data selection methods, however, not all
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results are significant.

Table 5.14: Word correctness-accuracy results and P-Value measures for Timit trained and WSJ

evaluated ASR systems using different data selection methods and percentages of the total training

data.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 41.45 39.38 40.49 41.71 42.24 41.58 41.62

Word Acc (%) 34.22 31.21 32.04 34.89 35.54 35.16 34.69

P-Value - 1.00E-15 3.12E-09 5.89E-02 2.37E-04 7.13E-03 1.94E-01

40%

Word Cor (%) 48.88 46.87 47.58 50.9 49.85 51.64 50.25

Word Acc (%) 40.33 38.1 37.51 43.51 42.18 44.25 42.56

P-Value - 7.57E-09 1.02E-13 0 4.54E-07 0 1.27E-09

60%

Word Cor (%) 52.18 49.57 52.04 53.72 53.34 53.41 53.48

Word Acc (%) 43.67 39.81 42.62 45.61 45.23 45.19 45.11

P-Value - 0 4.49E-03 2.34E-08 6.90E-06 1.49E-05 6.41E-05

80%

Word Cor (%) 53.43 52.76 52.99 54.31 53.34 53.7 54.78

Word Acc (%) 43.23 42.93 43.21 45.45 44.03 44.37 45.87

P-Value - 3.91E-01 9.53E-01 9.50E-11 1.49E-02 7.27E-04 1.30E-14

Table 5.15 shows triphone correctness, triphone accuracies and significance P-Values measures

for ASR systems training on Timit data selected using different data selection methods and data

percentages which were evaluated on the WSJ evaluation set. For the 20%, 40% and 60% data

percentage levels, the MaxEnt Tri and MaxEnt Wrd data selection methods perform significantly

worse compared to the Natural selection method, while at the 80% percentage the results are

insignificantly worse. MaxEnt Tri selection only manages to outperform MaxEnt Wrd selection

at the 40% data percentage. The Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 approaches produce

slightly improved results compared to Natural, MaxEnt Tri and MaxEnt Wrd methods with

the winners, per data percentage, attaining significant improvements.

Table 5.15: Triphone correctness, triphone accuracies and P-Value results obtained using Timit ASR

systems trained using various data selection methods and data percentages and evaluated on the WSJ

evaluation set.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 46.2 45.28 44.96 47.05 47.91 47.65 47.1

Tri Acc (%) 42.2 40.27 40.8 43.38 44.02 43.98 42.98

P-Value - 5.79E-12 4.26E-07 1.33E-05 7.03E-12 2.28E-11 3.03E-03

40%

Tri Cor (%) 53.32 52.37 51.61 55.24 54.54 55.85 54.82

Tri Acc (%) 48.06 46.39 45.63 50.12 49.32 51.12 50.03

P-Value - 1.15E-09 0.00E+00 1.00E-15 1.58E-06 0.00E+00 9.70E-14

60%

Tri Cor (%) 56.41 54.35 55.72 57.54 57.36 57.17 57.15

Tri Acc (%) 50.7 48.15 49.82 51.92 51.76 51.69 51.79

P-Value - 0.00E+00 4.33E-04 8.83E-07 1.72E-05 5.62E-05 1.42E-05

80%

Tri Cor (%) 56.73 56.49 56.8 57.83 56.92 57.17 58.22

Tri Acc (%) 50.67 50.17 50.57 51.89 50.92 51.15 52.46

P-Value - 3.35E-02 6.56E-01 1.82E-07 2.66E-01 3.73E-02 5.00E-15
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5.4.2 WSJ

Table 5.16 shows word correctness, word accuracies and P-Value statistical significance values ob-

tained on WSJ trained ASR systems evaluated on the WSJ evaluation set using various data selection

methods at different data percentages. The only significant results obtained are for both the MaxEnt

Tri and MaxEnt Wrd data selection methods at the 20% training data percentage where a decrease

in performance was achieved. All remaining results are insignificant and achieved accuracies that are

comparable to the Natural selection approach.

Table 5.16: Word correctness, accuracies and P-Value results for WSJ trained and WSJ evaluated

systems using various data selections methods to generate the training corpora at specific percentages

of the total training triphone counts.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 60.01 58.58 59.57 59.82 60.31 59.95 59.61

Word Acc (%) 51.61 49.62 50.35 51.67 52.03 51.65 51.11

P-Value - 3.58E-08 3.77E-04 8.65E-01 2.34E-01 9.23E-01 1.62E-01

40%

Word Cor (%) 63.68 63.36 64.23 63.36 63.51 63.64 64.21

Word Acc (%) 55.32 55.24 55.83 55.11 55.22 55.62 55.82

P-Value - 8.09E-01 1.41E-01 5.35E-01 7.49E-01 3.83E-01 1.35E-01

60%

Word Cor (%) 66.3 65.74 66.34 66.14 66.54 66.5 66.78

Word Acc (%) 58.76 58.07 58.36 58.3 58.93 58.64 59.24

P-Value - 2.79E-02 1.95E-01 1.34E-01 5.89E-01 6.90E-01 1.16E-01

80%

Word Cor (%) 67.68 67.4 67.33 67.94 67.8 67.58 68.08

Word Acc (%) 60.42 59.87 59.63 60.54 60.35 60.2 60.84

P-Value - 6.53E-02 4.10E-03 6.36E-01 8.28E-01 4.34E-01 1.19E-01

Table 5.17 shows triphone correctness, triphone accuracies and P-Value statistical significance

results for ASR systems trained on WSJ data created by using various data selection approaches

and training data percentages which were evaluated on the WSJ evaluation set. The only significant

decrease in performance was achieved by the Sqrt method at the 60% data percentage level. All the

remaining measures presented in the table show that the various systems produce comparable results

with insignificant increases or decreases in performance when compared to the Natural selection

method.

Table 5.18 shows the word correctness and accuracies and significance P-Values for Timit eval-

uated ASR systems trained on WSJ sub-corpora created using various data selection approaches and

on limited data portions. Comparing results with Natural selection as baseline, both max-entropy

based-methods produce significantly lower accuracies for 20% and 60% training data percentages.

Interestingly, the MaxEnt Wrd data selection method manages to attain a slight improvement at the

40% level, however, not significant. The remaining data selection methods (Sqrt, 0.75, Uniq

Sqrt and Uniq 0.75) do not produce significant gains or losses, but the majority of the accuracies

are slightly higher compared to the Natural selection method.

Table 5.19 shows the triphone correctness, triphone accuracies and statistical significance P-Value

measures for WSJ trained ASR systems evaluated on the Timit evaluation set which were trained on
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Table 5.17: Triphone correctness, triphone accuracies and significance P-Values for WSJ trained and

evaluated systems using different data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 63.39 62.66 63.22 63.14 63.4 63.28 63.2

Tri Acc (%) 58.41 57.63 57.99 58.06 58.37 58.28 58.26

P-Value - 1.21E-03 8.67E-02 1.67E-01 8.61E-01 6.25E-01 6.12E-01

40%

Tri Cor (%) 66.59 66.78 66.89 66.3 66.26 66.51 66.75

Tri Acc (%) 61.41 61.69 61.76 60.95 61.01 61.29 61.57

P-Value - 2.05E-01 1.24E-01 4.71E-02 7.79E-02 6.00E-01 4.62E-01

60%

Tri Cor (%) 68.89 68.55 68.62 68.38 68.86 68.69 68.99

Tri Acc (%) 63.86 63.53 63.49 63.16 63.77 63.53 64

P-Value - 1.23E-01 6.95E-02 6.51E-04 6.25E-01 1.02E-01 5.05E-01

80%

Tri Cor (%) 69.84 69.89 69.82 70.03 69.94 69.83 70.13

Tri Acc (%) 64.85 64.8 64.71 65.11 64.88 64.77 65.18

P-Value - 8.10E-01 4.39E-01 1.56E-01 8.59E-01 6.67E-01 7.18E-02

Table 5.18: Word correctness, word accuracies and P-Value results for WSJ trained ASR systems

evaluated using the Timit evaluation set for different data selection methods and training triphone

count percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 55.05 52.26 53.68 55.61 55.69 55.75 55.56

Word Acc (%) 44.37 40.41 42.17 45.4 44.9 45.73 45.35

P-Value - 1.69E-09 9.78E-04 1.29E-01 4.33E-01 3.41E-02 1.57E-01

40%

Word Cor (%) 58.37 56.9 58.59 59.2 59.04 59.17 59.06

Word Acc (%) 47.27 45.4 47.42 48.28 47.7 48.16 47.56

P-Value - 3.52E-03 8.31E-01 1.31E-01 4.93E-01 1.87E-01 6.70E-01

60%

Word Cor (%) 60.29 58.7 58.97 60.97 60.81 61.58 61.05

Word Acc (%) 49.74 47.6 47.09 50.47 49.6 50.84 50.19

P-Value - 5.73E-04 6.24E-06 2.08E-01 7.36E-01 7.21E-02 4.71E-01

80%

Word Cor (%) 61.38 60.26 60.67 61.72 61.39 61.52 61.37

Word Acc (%) 50.9 49.37 49.22 51.29 50.59 51.1 50.58

P-Value - 1.83E-02 6.52E-03 4.07E-01 6.61E-01 6.46E-01 6.31E-01

data selected using different data selection techniques for various training data percentages. The

MaxEnt Tri data selections method consistently produces lower accuracies when compared to

the Natural selection method. The MaxEnt Wrd approach manages a slight insignificant im-

provement at the 40% level but the remaining data percentage measures are lower taking the natural

selection as reference. The 20% MaxEnt Tri, 60% MaxEnt Tri and 60% The MaxEnt Wrd

results are significantly worse. The remaining data selection methods, Sqrt, 0.75, Uniq Sqrt

and Uniq 0.75, produce slightly increased performances (except at 80% 0.75 and Uniq 0.75

measures are lower) but none are significant.
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Table 5.19: Triphone correctness, triphone accuracies and P-Value results for WSJ trained ASR

systems evaluated using the Timit evaluation set for different data selection methods and training

triphone count percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 53.42 51.58 52.79 54.25 54.31 54.45 54.41

Tri Acc (%) 48.06 45.73 47.02 49.3 49 49.43 49.48

P-Value - 6.87E-07 2.80E-02 8.89E-03 5.20E-02 3.27E-03 2.67E-03

40%

Tri Cor (%) 56.21 55.09 56.82 57.25 56.94 57.2 56.77

Tri Acc (%) 50.32 49.02 50.69 51.38 51.11 51.45 51

P-Value - 4.15E-03 4.16E-01 1.60E-02 6.77E-02 1.46E-02 1.33E-01

60%

Tri Cor (%) 58.1 57.11 57.15 58.55 58.35 59.15 58.93

Tri Acc (%) 52.33 50.9 50.77 52.56 52.45 53.36 53.03

P-Value - 5.75E-04 1.45E-04 5.57E-01 8.14E-01 1.11E-02 8.91E-02

80%

Tri Cor (%) 59.38 58.03 58.63 59.46 59.02 59.56 59.22

Tri Acc (%) 53.38 52.04 52.38 53.47 52.98 53.59 53.11

P-Value - 1.45E-03 1.47E-02 7.44E-01 3.31E-01 5.32E-01 5.36E-01

5.4.3 LWAZI

Table 5.20 shows the word correctness, word accuracies and significance P-Value results for Lwazi

trained ASR systems evaluated on Lwazi evaluation sets using different data selection approaches and

data percentages. The MaxEnt Wrd data selection method produces the worst results compared to

all data selection methods and significantly lower performances when compared to the Natural data

selection approach at the 20%, 40% and 60% data percentages. The Sqrt, 0.75, Uniq Sqrt and

Uniq 0.75 data selection methods attain lower accuracies for the 20%, 40% and 60% data percent-

ages compared to the Natural technique. 20% Sqrt, 20% 0.75 and 40% 0.75 are insignificant

decreases. At the 80% data percentage level, however, the methods produce slight improvements but

are insignificant. The second best word accuracy results are: 0.75 at 20% and 40%, Uniq Sqrt

at 60% and Uniq 0.75 at 80%.

Table 5.20: Word correctness, word accuracy and P-Value results for Lwazi trained ASR systems

evaluated on Lwazi evaluation data. Different data percentages and data selection methods were

used to create various training corpora.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 39.821 27.556 36.959 38.814 35.918 37.782

Word Acc (%) 15.516 3.753 13.301 15.174 12.386 13.951

P-Value - 0.00E+00 1.09E-06 4.04E-01 1.71E-11 3.65E-04

40%

Word Cor (%) 45.754 41.994 44.699 45.193 43.972 44.069

Word Acc (%) 19.445 15.275 17.982 18.266 17.789 18.001

P-Value - 0.00E+00 1.00E-03 8.00E-03 1.63E-04 9.01E-04

60%

Word Cor (%) 49.156 47.755 49.106 49.149 48.704 48.39

Word Acc (%) 22.887 20.573 22.248 22.195 22.331 22.226

P-Value - 7.53E-08 9.92E-02 7.85E-02 1.50E-01 1.15E-01

80%

Word Cor (%) 51.47 51.3 51.605 51.913 51.709 51.804

Word Acc (%) 25.081 24.99 25.309 25.874 25.551 25.997

P-Value - 8.80E-01 5.74E-01 2.84E-02 1.76E-01 8.97E-03
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Table 5.21 shows triphone correctness, triphone accuracies and statistical significance P-Values

for Lwazi ASR systems developed using different data selection methods and training data percent-

ages which were evaluated on Lwazi evaluation sets. The MaxEnt Wrd data selection produces

the lowest performance with only the last results being insignificant. At the 20% and 40% data per-

centages, the remaining data selection methods (excluding Natural) attain lower system accuracies

compared to the Natural data selection approach and only 0.75 approach producing insignificant

decreases. At the 60% data percentage Sqrt and 0.75 data selection methods achieve a slight accu-

racy improvement while the Uniqmethods produce slight loses. The results are insignificant. For the

80% level, Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 approaches all achieve a slight insignificant

gain.

Table 5.21: Triphone correctness, triphone accuracies and P-Value significances for Lwazi trained

and evaluated ASR systems developed using various data selection techniques and data percentages.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 49.843 36.079 46.024 48.512 45.2 47.275

Tri Acc (%) 43.068 28.622 40.311 42.323 39.339 41.099

P-Value - 0.00E+00 0.00E+00 1.01E-02 0.00E+00 4.90E-12

40%

Tri Cor (%) 56.613 51.758 54.86 55.38 54.178 54.489

Tri Acc (%) 48.18 42.99 47.279 47.603 46.69 46.743

P-Value - 0.00E+00 5.98E-04 3.20E-02 1.65E-08 2.08E-08

60%

Tri Cor (%) 60.237 58.501 59.662 59.792 59.443 59.329

Tri Acc (%) 51.171 48.988 51.216 51.231 50.995 50.703

P-Value - 0.00E+00 9.15E-01 9.12E-01 4.51E-01 5.05E-02

80%

Tri Cor (%) 62.793 62.306 62.592 62.819 62.787 62.937

Tri Acc (%) 53.034 52.373 53.306 53.459 53.531 53.634

P-Value - 6.06E-03 2.77E-01 4.64E-02 1.70E-02 4.97E-03

Table 5.22 shows word correctness, word accuracies and P-Values for Lwazi ASR systems trained

on data selected corpora and for different data percentages which were evaluated on the AST evalu-

ation set. The MaxEnt Wrd data selection methods produces the lowest performances for all data

percentages where for the 20% and 60% data percentage levels the results a significant. The Sqrt

approach manages to achieve accuracy increases. however none are significant. The 0.75 data selec-

tion technique produces a significant improvement at the 60% data percentage level. The remaining

results are comparable to the Natural selection method.

Table 5.23 shows triphone correctness, triphone accuracies and statistical significance P-Values

for Lwazi trained ASR system evaluated on the AST evaluation set using various data selection ap-

proaches and training data percentages. The MaxEnt Wrd data selection approach produces ac-

curacy decreases for all data percentages with only 80% level an insignificant result. The Sqrt

approach achieves performance gains for all data levels but none are significant. The 0.75 technique

produces gains for all data levels expect the 20% percentage and again none are significant. Both

Uniq methods present no pattern but results are not significant.

If one compares the Timit, WSJ and Lwazi word correctness and accuracies, the Lwazi systems

produced the highest errors. This might be explained by the telephony collection channel for the
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Table 5.22: Word correctness, word accuracies and P-Values for various Lwazi trained ASR systems

evaluated on AST evaluation set using different data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Word Cor (%) 31.232 21.9 30.551 29.671 28.342 29.42

Word Acc (%) 15.844 11.522 17.086 14.7 14.696 14.234

P-Value - 5.88E-06 1.67E-01 2.36E-01 3.80E-01 6.20E-02

40%

Word Cor (%) 37.165 31.096 36.946 36.417 35.981 35.188

Word Acc (%) 20.88 16.284 22.018 20.845 20.867 19.893

P-Value - 1.52E-03 2.97E-01 6.27E-02 4.97E-02 6.01E-01

60%

Word Cor (%) 39.696 33.998 40.092 39.865 39.598 39.238

Word Acc (%) 23.863 15.515 24.481 24.623 23.631 23.723

P-Value - 5.35E-06 6.45E-02 6.24E-05 3.39E-03 2.42E-01

80%

Word Cor (%) 40.546 38.533 40.919 40.46 40.445 40.447

Word Acc (%) 24.631 22.71 25.665 25.213 24.755 24.134

P-Value - 4.24E-03 1.47E-01 2.41E-01 6.36E-02 1.84E-01

Table 5.23: Triphone correctness, triphone accuracies and P-Values for various Lwazi trained ASR

systems evaluated on AST evaluation set using different data selection methods and training data

percentages.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%

Tri Cor (%) 40.343 29.041 39.516 38.546 37.062 37.709

Tri Acc (%) 32.815 22.903 33.238 31.776 31.129 30.937

P-Value - 0.00E+00 9.94E-01 7.08E-01 4.34E-01 7.46E-02

40%

Tri Cor (%) 47.053 40.084 47.287 46.483 46.09 45.412

Tri Acc (%) 37.134 31.739 38.433 37.242 37.592 36.406

P-Value - 2.88E-05 2.11E-01 1.39E-01 4.56E-02 5.71E-01

60%

Tri Cor (%) 50.28 42.761 50.906 50.64 50.094 49.446

Tri Acc (%) 38.62 31.968 40.558 40.053 39.301 39.144

P-Value - 1.22E-06 3.44E-03 6.34E-03 6.31E-03 4.93E-02

80%

Tri Cor (%) 51.668 49.468 52.089 51.891 51.139 50.782

Tri Acc (%) 39.263 37.421 40.4 39.913 39.076 38.945

P-Value - 5.64E-02 1.82E-01 3.12E-01 1.14E-01 4.96E-01

Lwazi data and that the utterances were collected in a more natural way with less stringent collection

process as compared to the strict Timit and WSJ collection setups.

5.4.4 ACCURACY CORRELATIONS AND DISTRIBUTION CORRESPONDENCE

We investigated whether the accuracy differences are caused by the correspondence between the train-

ing and evaluation corpora, and also whether our word and triphone accuracy measures are generally

in agreement. The details are summarized in appendix (D) : we found that the word and triphone

accuracies are indeed highly correlated, and that the divergences between the training and evaluation

corpora were indeed negatively correlated with the achieved accuracies and correctness values.
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5.5 CONCLUSION

The work presented in this chapter outlines a new data selection theory which provides a mechanism

for choosing units based on criteria for boosting the system’s overall accuracy. Contrary to other unit

selection methods our approach takes into consideration the relationship between a unit’s accuracy

and its frequency of occurrence. We showed that the triphone is a good unit choice as there is a strong

correlation between the triphone’s training frequency and accuracy and in addition that there is a low

to weak correlation for adjacent triphone accuracies thus allowing an independence assumption. In

our theoretical framework we showed that the optimal distribution is dependent on the assumed rela-

tionships between the triphone frequency and accuracy. Based on theoretical and empirical evidence,

the two relationships we investigated were logarithmic and hyperbolic. The hyperbolic relationship

leads to a unit selection strategy in which the selected frequencies are proportional to the square

root of the occurrence frequencies, while the logarithmic relationship leads to selected units which

match the reference set i.e. units selected at random. A number of data selection experiments were

performed to investigate the relationships and compare our approach with commonly used methods.

From these we may conclude:

• In the vast majority of cases the max-entropy based data selection consistently produced the

lowest performing systems and word-based max-entropy selection is superior to triphone-based

unit selection. These results are consistent with results presented by Gouvea and Davel [50].

• Using our experimental setup and choosing smaller sub-corpora, the “natural” selection (ran-

dom choice) is an effective strategy and is difficult to outperform in a consistent manner.

• For the Timit trained ASR systems;

– The “compressed” and “intermediate” data selection methods have the ability to produce

improved accuracies, however, not all were significantly better when compared to “natu-

ral” selection.

– On average estimating the triphone distribution from unique utterances and then perform-

ing data selection gave slightly better system accuracies when compared with systems

which estimated triphone distributions using all the data.

• For the WSJ trained ASR systems; The “compressed” and “intermediate” data selection meth-

ods performed comparably to the “natural” selection method for both WSJ and Timit evalua-

tions.

• For the Lwazi trained ASR systems; On average, the “compressed” and “intermediate” data

selection methods performed comparably to the “natural” selection method for both Lwazi and

AST evaluations.
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Based on the results we can see that for the majority of experiments the “compressed” and “inter-

mediate” data selection methods achieved results comparable to that of the “natural” selection. Only

for the Timit experiments did we see an improvement but the Timit corpus is somewhat artificial as

the prompt selection was heavily engineered. The WSJ and Lwazi corpora are more typical of ASR

data collections. The max-entropy based selections did not show any promising results which is in

line with findings presented by Gouvea and Davel [50]. The main conclusion, thus is that for any data

selection, matching the “natural” distribution is a competitive strategy. There are indications that the

“compressed” and “intermediate” data selection methods may be useful under specific circumstances,

and it is worthwhile investigating whether those methods may be preferable to “natural” selection in

other practical situations.

Note, also, that some of the effects observed in our studies are not only statistically significant, but

also have substantial potential impact. For example, in table 5.14 the Uniq methods obtain similar

accuracies at 60% corpus size to what the Natural method obtains at 80% corpus size, implying

that similar performance could be achieved with only 60/80 = 75% of the collection effort. Such

savings should be quite useful in practice.

As stated in the Introduction, an optimal data selection approach would be most beneficial for

corpus design in resource constrained environments which would allow targeted acoustic data col-

lection. A pragmatic approach would be to start with any available text resources which could be

sourced from the internet or any other digital outlet. An initial manual effort and linguistic expertise

would be needed to create a suitable phone set for the text data. Once obtained, g2p rules can be ex-

tracted to map all the words to their phonetic representations. Given the mapped text, an appropriate

data selection method could be used to select from the text data the optimal set of utterances given

constraints on budget and collection time.

Our proposed data selection methods rely on the triphone counts and are independent of the exact

triphones defined in a languages. Thus, the methods can be applied to any language once text data has

been obtained. Though van Santen and Buchsmans, [49] raised concerns on unit coverage, we have

seen that for targeted data collection, the collected data should result in a distribution quite close to

the chosen distribution for optimal ASR.
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CONCLUSION

6.1 INTRODUCTION

In Chapter 1 section (1.2) we defined our overall aim as follows: to investigate various methods

which will facilitate the use of automatic speech recognition (ASR) technologies in resource-scarce

environments. Following from this, we devised a set of goals that we thought most appropriate in

achieving our aim – these were;

• to develop an automatic data harvesting procedure that transforms audio and corresponding

approximate annotations into a corpus that is usable for ASR training;

• to investigate the application of an unsupervised environment normalisation technique for data

mismatch reduction, with a focus on the specific scenario of bandwidth mismatches;

• to analyse the data dependence, for specific triphone counts, of current ASR adaptation tech-

niques in that same scenario; and

• to develop a data selection framework and implementation which optimises ASR system per-

formance.

The remainder of the chapter summarises the thesis contributions and discusses possible future

work to extend the initial investigations.

6.2 SUMMARY OF CONCLUSIONS AND CONTRIBUTION

The thesis presents several approaches that successfully expedite the development of ASR systems in

resource-scarce environments. Our most important conclusions are summarised below.
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• The process of alignment-filter-train, can be used to efficiently and automatically harvest audio

data with approximate transcriptions.

• The proxy measures; log-likelihood, average dynamic programming scores, and the percent-

age of data absorbed by the garbage provided useful methods of automatically monitoring the

harvesting process. The validity of the proxy measures were established using the Lwazi and

NCHLT English corpora.

• Bootstrapped acoustic models trained on out-of-dialect audio data can be used to provide good

audio-transcription alignments. In our specific experiments we showed that American-English

acoustic models can be used in the harvesting of SAE audio data.

• The proxy measures and phone-level system accuracies (obtained using independent corpora),

showed that retraining acoustic models on the harvested data provides better models to generate

more accurate alignments and iterating the alignment-filter-train cycle provides better models

after each iteration.

• A garbage model can be used to good effect in order to improve the reliability of the align-

ments by absorbing non-speech audio and speech disfluencies. In addition, the garbage model

provides a means to identify mis-aligned audio and text portions which can be used to rapidly

filter the data into usable and unusable portions.

• A dynamic programming algorithm can be used to robustly filter the harvested data and create a

corpus which has quite reliable alignments between text and audio. Additionally, the DP scores

serve as a good metric with which to monitor the harvesting process.

• Manually processing data to create an adaptation corpus, which can be used to adapt a set of

acoustic models, is not needed. The win obtained by manually processing the data is lost after

the first retrain cycle.

• The data size, of the data to be harvested, affects the performance metric values – more data

predictable results in better values. However, the performance metric convergence rates exhibit

a low correlation to the data size and the relative improvements are approximately the same.

• The transfer-function filtering feature normalisation approach performed comparably to MLLR

for low adaptation counts but the observed gains plateau quickly as more data was added. Other

benefits of the transfer-function normalisation method are that it does not require transcriptions

to perform the normalisation and can be applied independently of the various model-based

adaptations.

• MLLR works well in reducing the mismatch for bandwidth matched adaptations but failed to

achieve the same ASR system accuracies when transforming band limited acoustic models to

full bandwidth models (16kHz).
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• Around the 10000 to 100000 adaptation triphone count MAP starts to perform better than

MLLR but never beats the retraining the acoustic models.

• As the adaptation triphone count approaches 10000 to 100000 triphone examples, retraining

the acoustic models becomes the best strategy which out-performs both MLLR and MAP.

• The consistent findings for the specific case of adaptation between low- and high-bandwidth

applications, for example telephone-quality and smartphone-recorded speech audio, should be

useful for developing world ASR system developers.

• Using our experimental setup and choosing smaller sub-corpora, the “natural” selection (ran-

dom choice) is an effective strategy and is difficult to outperform in a consistent manner.

• Our comparative experiments using the max-entropy based data selection method showed re-

sults which, in the overwhelming majority of cases, produced the lowest performing ASR sys-

tems. Furthermore, the results showed that the word-based max-entropy selection is superior

to triphone-based unit selection.

• The experimental evidence shows that the “compressed” (square-root compression of triphone

probabilities and re-normalised) and “intermediate” (triphone probabilities raise to a power

of 0.75 and re-normalised) data selection methods achieved results comparable to that of the

“natural” selection in the majority of the experiments. (The Timit experiments did produce

improved results with two other strategies; however, the Timit corpus does not represent a

typical corpus due to specifically engineered prompt selection). The Timit results do however

indicate that the “compressed” and “intermediate” data selection methods may be useful under

specific circumstances. Investigating the factors which contribute to the improvements may

help provide a better data selection strategy which may be preferable to “natural” selection in

other practical situations.

The main contribution of our work is therefore to expand the knowledge base and tools available to

those who wish to develop speech-recognition systems for under-resourced languages. In particular:

• Our tools for harvesting speech corpora from approximately transcribed data, when sufficient

resources for conventional language modelling are not available, are novel and potentially use-

ful for several under-resourced languages.

• The consistent findings for the specific case of adaptation between low- and high-bandwidth

applications, for example telephone-quality and smartphone-recorded speech audio, should be

useful for ASR system developers for under-resourced languages.

• Our approach to data selection has shown that the widely-used maximum entropy approach is

not a good choice for ASR prompt selection. If this had been known previously, for exam-

ple, the NCHLT corpus [60] could have been created in a significantly more efficient fashion.
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Again, we hope that developers of speech recognition in under-resourced languages will benefit

from this insight.

6.3 FUTURE WORK

To begin the automatic data harvesting iterative process we used seed acoustic models trained on

American English audio data. This dialect of English is further from South African English than

for example, British English, but still possessed enough commonality with SAE to limit the amount

of manual effort needed to create phoneme mappings between the dialects. An interesting topic

of research would be to investigate whether or not it is possible to use seed models trained on a

completely different language or set of languages.

The data harvesting pre- and post-processing tools can be improved – specifically, an audio-clip

detector which can be used by the bandwidth detector to ignore clipped audio portions. In addition, a

channel detector should be added to make sure we are selecting an audio channel which has data. The

4-class classifier could also be improved by adding GMM smoothing and updating the CMN vectors

with speech only.

The knowledge gained from the cross-channel adaptation experiments, which established the data

needs of various standard adaptation methods, can potentially prove to be invaluable to a ASR de-

veloper. For refinement, more data increments can be experimented with to help produce smoother

graphs and maybe even provide more data samples to model the processes. Introducing class-based

transfer-function normalisations can possibly provide an added gain in performance but determining

the suitable classes without transcriptions could prove to be quite challenging.

The data selection results showed that finding improvements over randomly selecting the training

utterances is quite difficult. Fully understanding why the Timit results required non-uniform sampling

is likely to provide additional insights, that may be useful for the creation of specialized corpora.

A number of additional experiments, which could not be completed during the current research

because of computational constraints, would be useful as additional confirmation of our conclusions.

In particular:

• Investigating the benefit of transfer-function filtering on the NCHLT-Lwazi cross channel ex-

periments.

• Including error margins on the results produced for the adaptation data need experiments.

• Comparing the data selection results to those obtained using ASR system developed on all the

training data for the specific corpora.

In this thesis we addressed several topics related to the application of ASR in resource-scarce

environments. We developed and demonstrated approaches that can be used to assist in the design

and deployment of ASR systems in limited-data scenarios. Hopefully, continuing to develop these
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and new techniques will lead to the creation of more ASR applications in the developing world and

lead to a greater technology penetration.
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MAP ADAPTATION PARAMETER EXPERIMENTS

To establish the effect that different parameter selections have on MAP adaptation of acoustic models,

we performed MAP adaptation of band limited (250-3400 Hz) NTimit acoustic models using WSJ 16

kHz data. τ , the informative prior weighting factor was set to 5, 10 and 20 – as suggested in the HTK

book [10]. The iteration counts were chosen to be 1, 2, 3, 5, 10 and 20. Finally, the amount of data

was systemically increased by doubling the triphone counts at each training instance – 1000, 2000,

4000, 8000, 16000, 32000, 64000, 128000, 256000 and 512000. Tables A.1, A.2 and A.3 show the

accuracies obtained for tau set to 5, 10 and 20 respectively.

Table A.1: Obtained accuracies for MAP adapted band-limited NTimit acoustic models with τ = 5.

Triphone Count Iteration Count

1 2 3 5 10 20

1000 22.64 20.43 18.51 15.98 13.85 11.99

2000 29.24 28.04 25.20 19.60 16.23 14.21

4000 35.82 35.59 32.41 26.71 23.18 21.40

8000 43.22 44.63 41.99 37.52 34.93 33.72

16000 49.47 52.80 51.67 48.50 46.94 46.33

32000 54.19 59.62 59.66 58.64 58.07 57.93

64000 58.15 64.69 65.62 65.75 65.78 65.94

128000 60.46 67.50 68.95 69.79 70.33 70.53

256000 61.77 69.15 70.95 72.11 72.96 73.29

512000 62.42 70.05 72.13 73.49 74.45 74.82

Figures A.1, A.2 and A.3 show the accuracies obtained using MAP adaptation on increasing

amounts of data, for various iterations counts and informative prior weights. The general trend is

for low data counts using fewer training iterations is better and as more data is added updating the

model parameters with more iterations produces better results. For the informative prior weights τ =
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Table A.2: Obtained accuracies for MAP adapted band-limited NTimit acoustic models with τ = 10.

Triphone Count Iteration Count

1 2 3 5 10 20

1000 21.92 22.00 20.12 17.06 15.30 13.59

2000 27.32 29.44 28.02 23.96 18.44 16.04

4000 33.47 36.86 35.90 31.59 25.35 23.42

8000 40.68 45.14 45.18 41.86 36.76 35.20

16000 47.15 52.78 53.50 51.86 48.42 47.62

32000 52.23 59.12 60.46 60.06 58.72 58.50

64000 56.63 64.08 65.68 66.18 66.02 66.09

128000 59.39 67.02 68.80 69.88 70.40 70.58

256000 61.12 68.78 70.76 72.06 72.95 73.28

512000 62.08 69.81 71.93 73.41 74.39 74.82

Table A.3: Obtained accuracies for MAP adapted band-limited NTimit acoustic models with τ = 20.

Triphone Count Iteration Count

1 2 3 5 10 20

1000 20.95 21.75 21.73 19.70 15.83 14.89

2000 24.96 28.25 29.37 27.89 22.57 18.05

4000 29.96 35.19 36.74 36.01 30.24 25.14

8000 37.07 43.19 45.24 45.41 41.02 36.86

16000 43.65 50.99 53.25 54.01 51.49 48.87

32000 49.12 57.40 59.94 61.01 60.17 59.22

64000 54.13 62.72 65.10 66.37 66.47 66.45

128000 57.58 66.02 68.25 69.66 70.45 70.73

256000 60.10 68.14 70.30 71.86 72.79 73.29

512000 61.47 69.38 71.60 73.21 74.21 74.79

[5, 10, 20], iteration counts 2, 3 and 5 appear to produce the best balance between the accuracy and

amount of adaptation data. The informative prior seems to have a marginal effect on the final system

accuracy for relatively large data amounts. For those cases, the number of training iterations required

for optimal performance moves towards the higher end of the range that we investigated, but for

smaller training sets (where MAP adaptation could potentially be competitive), optimal performance

is achieved around 5 to 10 iterations.
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Figure A.1: Accuracies achieved when using MAP adaptation on increasing data amounts and for

various iteration counts. The informative prior weight τ was set to 5.
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Figure A.2: Accuracies achieved when using MAP adaptation on increasing data amounts and for

various iteration counts. The informative prior weight τ was set to 10.
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Figure A.3: Accuracies achieved when using MAP adaptation on increasing data amounts and for

various iteration counts. The informative prior weight τ was set to 20.
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APPENDIX B

ADAPTATION PERFORMANCE GAIN CURVES

In section (4.4.3) and section (4.4.4) we showed performance gain curves for various adaptation tech-

niques applied to ASR systems and using increasing adaptation data amounts. The experiments were

performed on WSJ and NTimit corpora combination and the NCHLT and Lwazi corpora combina-

tion. The phone-level accuracies used to generate the curves are presented here as well as the deletion,

substitution and insertion errors made during the recognitions.

B.1 WSJ - NTIMIT EXPERIMENTS

Table B.1 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for mean and variance MLLR adaptation of WSJ acoustic models using

NTimit band-limited (250-3400 Hz) adaptation data. The experiment is described by graph key

WSJ NTIMIT MLLR BP.

Table B.1: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for mean and variance MLLR adaptation of WSJ acoustic models using band-limited (250-3400

Hz) NTimit adaptation data. Experiment WSJ NTIMIT MLLR BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

100 53 41.17 30590 96786 32052

250 54.21 43.03 29848 94239 30292

500 55.01 43.71 28904 93028 30618

1000 55.95 45.12 28727 90649 29337

2000 57.03 46.39 27965 88487 28840

3000 57.78 47.06 27565 86842 29047

4000 58.23 47.93 27172 86028 27913

7500 59.68 49.33 25774 83480 28073

15000 60.12 50.34 26094 81988 26508

149860 60.45 50.76 5211 16226 5250
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Table B.2 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for mean and variance MLLR adaptation of NTimit acoustic models using

WSJ band-limited (250-3400 Hz) adaptation data. The experiment is described by graph key

NTIMIT WSJ MLLR BP.

Table B.2: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for mean and variance MLLR adaptation of NTimit acoustic models using band-limited (250-

3400 Hz) WSJ adaptation data. Experiment key NTIMIT WSJ MLLR BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

100 53.48 41.39 46748 137288 47802

250 55.32 43.97 44295 132437 44894

500 55.99 44.93 44063 130047 43740

1000 56.44 44.92 43348 128982 45565

2000 57.5 46.23 42841 125274 44587

3000 58 46.94 42033 124117 43729

4000 58.58 47.47 41770 122094 43941

5000 59.04 48.08 41457 120566 43347

6000 59.21 48.65 41810 119550 41779

7000 59.41 48.69 41287 119269 42423

8000 59.47 48.94 40937 119402 41625

9000 59.93 49.17 40361 118151 42538

10000 60.06 49.22 40357 117653 42878

11000 60.01 49.42 40581 117596 41891

12000 60.03 49.52 40650 117468 41563

902894 61.01 50.89 8104 22741 8011

Table B.3 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for mean and variance MLLR adaptation of NTimit acoustic models using 16 kHz

sampled WSJ adaptation data. The experiment is described by graph key NTIMIT WSJ MLLR 16k.

Table B.3: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for mean and variance MLLR adaptation of NTimit acoustic models using 16 kHz sampled WSJ

adaptation data. Experiment key NTIMIT WSJ MLLR 16k.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

1000 35.01 19.77 66491 190088 60161

2000 37.98 22.62 60421 184397 60632

4000 41.05 25.99 58023 174751 59467

8000 43.8 29.25 54555 167367 57478

16000 44.85 30.87 53724 164084 55233

32000 45.54 31.35 52150 162929 56033

902894 45.66 32.35 10876 32048 10513

Table B.4 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for weights, means and variance MAP adaptation of NTimit acoustic models us-

ing band-limited (250-3400 Hz) WSJ adaptation data. The experiment is described by graph key

NTIMIT WSJ MAP BP.

Table B.5 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for weights, means and variance MAP adaptation of WSJ acoustic models using

band-limited (250-3400 Hz) NTimit adaptation data. The experiment is described by graph key
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Table B.4: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for weights, means and variance MAP adaptation of NTimit acoustic models using band-limited

(250-3400 Hz) WSJ adaptation data. Experiment key NTIMIT WSJ MAP BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

2000 51 38.67 48809 145035 48773

4000 52.43 40.48 48234 139957 47235

8000 55.97 43.75 49435 124744 48330

16000 60.76 49.7 45027 110205 43733

32000 65.19 55.45 38856 98847 38528

64000 70.16 61.71 33468 84577 33407

128000 73.64 66.11 29630 74635 29794

256000 75.83 68.9 27688 67907 27419

512000 77.03 70.59 26723 64143 25487

902894 77.75 71.14 5042 12560 5234

WSJ NTIMIT MAP BP.

Table B.5: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for weights, means and variance MAP adaptation of WSJ acoustic models using band-limited

(250-3400 Hz) NTimit adaptation data. Experiment WSJ NTIMIT MAP BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

1000 53.01 39.65 23754 79163 29246

2000 52.53 41.25 33488 95152 30580

4000 54.2 43.22 32879 91239 29763

8000 56.86 45.95 30451 86469 29560

16000 58.68 47.66 28753 83236 29852

32000 59.55 48.6 28358 81256 29692

64000 60.52 50.07 27839 79140 28321

128000 62.51 53.01 26099 75492 25758

256000 63.23 53.87 25275 74365 25370

Table B.6 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for weights, means and variance MAP adaptation of NTimit acoustic mod-

els using 16 kHz sampled WSJ adaptation data. The experiment is described by graph key

NTIMIT WSJ MAP 16k.

Table B.7 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for WSJ acoustic models trained on increasing amounts 16 kHz sampled WSJ training

data. The experiment is described by graph key WSJ RETRAIN 16k.

Table B.8 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for WSJ acoustic models trained on increasing amounts band-limited (250-3400 Hz)

WSJ training data. The experiment is described by graph key WSJ RETRAIN BP.

Table B.9 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for transfer-function filtering of WSJ acoustic models using band-limited (250-3400

Hz) NTimit adaptation data. The experiment is described by graph key WSJ NTIMIT TFF.

Table B.10 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for transfer-function filtering of NTimit acoustic models using band-limited (250-
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Table B.6: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for weights, means and variance MAP adaptation of NTimit acoustic models using 16 kHz sam-

pled WSJ adaptation data. Experiment key NTIMIT WSJ MAP 16k.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

1000 32.72 19.38 92394 173710 52761

2000 36.91 25 91752 157797 47145

4000 42.89 31.86 92139 133741 43610

8000 53.49 41.62 62924 121062 46941

16000 62.6 51.41 43841 104083 44290

32000 69.18 59.97 34668 87222 36430

64000 74.03 66.34 29793 72926 30423

128000 77.16 70.27 26600 63750 27266

256000 79.01 72.68 25184 57836 25059

512000 80.13 74.06 24045 54574 23979

902894 80.04 74.12 4835 10958 4678

Table B.7: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for WSJ acoustic models trained on increasing amounts 16 kHz sampled WSJ training data.

Experiment key WSJ RETRAIN 16k.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

2000 47.14 34.46 45776 121530 40124

4000 55.12 43.81 51200 126369 44765

8000 59.35 48.92 46319 114491 41235

16000 64.58 54.26 39053 101081 40803

32000 69.46 60.9 34693 86113 33857

64000 74.55 66.86 29656 71043 30388

128000 78.34 71.85 25882 59800 25674

256000 81.87 76.43 21809 49895 21530

512000 85.21 80.45 17811 40693 18827

902894 86.92 82.54 3204 7145 3463

Table B.8: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for WSJ acoustic models trained on increasing amounts band-limited (250-3400 Hz) WSJ train-

ing data. Experiment key WSJ RETRAIN BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

16000 52.97 40.96 31981 95451 32569

32000 58.61 47.83 29035 83130 29218

64000 63.25 53.81 25075 74510 25582

128000 65.74 57.05 23286 69557 23541

149860 66.2 57.9 4634 13683 4502

3400 Hz) WSJ adaptation data. The experiment is described by graph key NTIMIT WSJ TFF.
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Table B.9: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion er-

rors for transfer-function filtering of WSJ acoustic models using band-limited (250-3400 Hz) NTimit

adaptation data. Experiment key WSJ NTIMIT TFF.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

50 51.27 39 33750 98313 33241

100 52.84 40.99 32768 95025 32126

250 53.94 42.02 31606 93208 32306

149860 54.74 43.28 6253 18279 6208

Table B.10: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for transfer-function filtering of NTimit acoustic models using band-limited (250-3400 Hz)

WSJ adaptation data. Experiment key NTIMIT WSJ TFF.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

50 54.66 42.58 46439 132903 47796

100 55.56 43.74 45521 130258 46769

250 56.16 44.33 44257 129149 46820

902894 57.1 45.27 8652 25288 9357

B.2 NCHLT - LWAZI EXPERIMENTS

For experiments using all the triphones (labelled “all”) as adaptation data, the deletion, substitution

and insertion errors will be less compared to the other triphone count-specific experiments as the later

used five folds plus five random selections per fold to average the results.

Table B.11 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for Lwazi acoustic models trained on increasing amounts band-limited (250-3400 Hz)

Lwazi training data. The experiment is described by graph key LWAZI RETRAIN BP.

Table B.11: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for Lwazi acoustic models trained on increasing amounts band-limited (250-3400 Hz) Lwazi

training data. Experiment key LWAZI TRAIN BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

16000 56.842 42.104 40155 79482 40852

32000 60.38 47.366 36782 73046 36071

64000 64.358 52.864 33305 65491 31863

128000 68.556 58.264 29685 57473 28535

all 142.708 123.2 31439 61210 31499

Table B.12 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for weights, means and variance MAP adaptation of Lwazi acoustic mod-

els using 16 kHz sampled NCHLT adaptation data. The experiment is described by graph key

LWAZI NCHLT MAP 16k.

Table B.13 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for weights, means and variance MAP adaptation of Lwazi acoustic models using

band-limited (250-3400 Hz) NCHLT adaptation data. The experiment is described by graph key

LWAZI NCHLT MAP BP.
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Table B.12: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for weights, means and variance MAP adaptation of Lwazi acoustic models using 16 kHz

sampled NCHLT adaptation data. Experiment key LWAZI NCHLT MAP 16k.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

8000 30.268 22.02 719848 380818 129922

16000 47.942 31.262 385907 436166 263303

32000 60.464 43.466 239337 385694 267734

64000 66.148 53.756 201105 333632 196233

128000 69.694 58.73 177816 301107 173672

256000 71.882 61.63 164699 279738 162393

512000 73.172 63.334 157577 266582 155830

all 74.072 64.338 30370 51643 30817

Table B.13: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for weights, means and variance MAP adaptation of Lwazi acoustic models using band-limited

(250-3400) NCHLT adaptation data. Experiment key LWAZI NCHLT MAP BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

8000 46.368 24.688 322170 524528 342117

16000 49.782 29.916 302774 459720 301166

32000 57.188 37.874 234348 415440 299196

64000 61.59 47.482 228377 378335 222960

128000 65.392 52.608 202679 344103 202223

256000 67.868 55.936 188929 318862 188831

512000 69.356 57.916 180945 303476 181086

all 70.324 59.142 35133 58711 35393

Table B.14 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for mean and variance MLLR adaptation of Lwazi acoustic models using

band-limited (250-3400 Hz) NCHLT adaptation data. The experiment is described by graph key

LWAZI NCHLT MLLR BP.

Table B.15 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for weights, means and variance MAP adaptation of NCHLT acoustic models us-

ing band-limited (250-3400 Hz) Lwazi adaptation data. The experiment is described by graph key

NCHLT LWAZI MAP BP.

Table B.16 shows the phone-level correctness, phone-level accuracies, deletion, substitution

and insertion errors for mean and variance MLLR adaptation of NCHLT acoustic models using

band-limited (250-3400 Hz) Lwazi adaptation data. The experiment is described by graph key

NCHLT LWAZI MLLR BP.

Table B.17 shows the phone-level correctness, phone-level accuracies, deletion, substitution and

insertion errors for NCHLT acoustic models trained on increasing amounts 16 kHz sampled NCHLT

training data. The experiment is described by graph key NCHLT RETRAIN 16k.
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Table B.14: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for mean and variance MLLR adaptation of Lwazi acoustic models using band-limited (250-

3400 Hz) NCHLT adaptation data. Experiment key LWAZI NCHLT MLLR BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

100 56.98 41.74 232589 419602 232025

250 57.882 42.862 237520 427397 237379

500 58.534 43.962 231846 422925 230463

1000 58.972 44.734 228474 419400 225394

2000 59.22 45.07 228033 415987 224012

4000 59.594 45.62 224188 413919 221229

8000 60.208 46.436 210138 393331 208549

16000 60.544 46.834 209695 389303 208829

32000 60.674 46.976 217209 403988 216731

64000 60.746 47.04 216982 403077 216836

all 60.94 46.97 42738 80669 44164

Table B.15: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for weights, means and variance MAP adaptation of NCHLT acoustic models using band-

limited (250-3400 Hz) Lwazi adaptation data. Experiment key NCHLT LWAZI MAP BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

8000 54.452 40.29 39803 86451 39253

16000 53.664 39.094 40750 87687 40385

32000 57.31 43.55 38529 79794 38153

64000 63.418 51.286 33968 67440 33622

128000 68.618 57.812 29446 57549 29954

all 71.692 61.65 5350 10344 5565

Table B.16: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for mean and variance MLLR adaptation of NCHLT acoustic models using band-limited (250-

3400 Hz) Lwazi adaptation data. Experiment key NCHLT LWAZI MLLR BP.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

100 64.434 52.588 31901 66665 32822

250 64.654 53.032 31725 66243 32213

500 64.766 53.07 31604 66057 32415

1000 64.966 53.29 31664 65441 32373

2000 65.308 53.948 31157 65012 31482

4000 65.55 54.3 30941 64558 31175

8000 66.056 54.954 30551 63545 30765

16000 66.324 55.312 30370 62982 30516

32000 66.464 55.512 30290 62665 30360

64000 66.516 55.552 30327 62490 30384

all 66.696 55.538 5984 12479 6185
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Table B.17: Phone-level correctness, phone-level accuracies, deletion, substitution and insertion

errors for NCHLT acoustic models trained on increasing amounts 16 kHz sampled NCHLT training

data. Experiment key NCHLT RETRAIN 16k.

# Triphones Phn Cor (%) Phn Acc (%) Del. Sub. Ins.

16000 60.614 45.99 226809 383423 226744

32000 63.404 50.624 220415 357421 202606

64000 66.71 55.336 201001 324685 180273

128000 70.35 60.012 167113 266999 152677

256000 73.392 63.736 162067 258379 152983

512000 75.706 66.484 150254 233769 146109

all 77.906 68.926 27406 42517 28417
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APPENDIX C

DATA SELECTION VIA TRIPHONE ACCURACY

EMPIRICAL MODELLING

C.1 INTRODUCTION

As stated in section (5.2.7) another approach to determine the triphone accuracy function is to empir-

ically model the generated data which expresses the relationship between a triphone’s accuracy and

training amount. The difficulties in following this approach are:

• The graphs generated from this data are noisy and require smoothing to reveal the underlying

structure which introduces errors into the modelling process.

• Choosing a proper model to represent the overall structure of the data is difficult and often

requires non-linear optimisations to solve for parameters.

Though this approach did not yield improvements, the work will be summarised here for com-

pleteness.

C.2 EMPIRICAL TRIPHONE ACCURACY FUNCTION

To generate the data points capturing the relationship between the triphone accuracy and occurrence

count, we used an ASR system trained on the BN corpus and the WSJ corpus as an evaluation set.

Section (5.2.3) describes the BN and WSJ corpora, ASR system setup and approach used to calculate

the triphone accuracies. Figure C.1 (A) shows the average triphone accuracy as a function of triphone

training occurrence estimated using a BN trained ASR system and recognising the WSJ. Figure C.1

(B) shows the number of examples used to average the triphone accuracies. As noted previously, it
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is difficult to get a sense of the underlying structure due to the later variations on the plot. To obtain

a smoothed version of this graph a moving average filter was applied to the data where 100 sample-

window was used. The smoothed graphs show the triphone accuracy and occurrence relationship is

captured in figure C.2. The next step was to choose a functional form and estimate the parameters

from the data.

Average BN ASR System Triphone Accuracies
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Figure C.1: Graph (A) shows BN-derived triphone accuracy as a function of triphone training count

using the WSJ corpus as an evaluation set. Graph (B) shows the number of examples used to average

the triphone accuracies.

Using the data points shown in figure C.1 (A) and a non-linear least squares curve fitting algo-

rithm, from Matlab [76], we experimented with several functional forms and tried to attain a good

fit for the data points. The final form settled on was a slight modification of the triphone accuracy

function inspired by the learning theory asymptotic functional form (see equation (5.7)). The triphone

accuracy function which gave the best fit was,

Ai(ni) = B − C

(ni +D)
, (C.1)

where the least-squares fit estimated the values B = 0.3254, C = 32.9600,D = 129.3928. Figure

C.2 shows the resulting fit for the chosen functional form and estimated parameters.

The approximate fit (shown in green figure C.2) does model the data points quite well up to a

training count of about 200. Above this, however, the large fluctuations in accuracy have a negative

effect on the modelling process and the fitted function seems to underestimate the accuracies. This
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Figure C.2: Data fit obtained using functional form given in equation (C.1) and smoothed version of

figure C.1 (A) data points.

could potentially lead to incorrect optimal triphone count assignments and may result in sub-optimal

performance.

The benefit of using this functional form for the triphone accuracy function is that the derivative

is easy to calculate and is given by,

∂Ai(ni)

∂ni

=
C

(ni +D)2
. (C.2)

To calculate the optimal individual triphone count we substitute equation (C.2) into equation (5.5).

Thus:
piC

(ni +D)2
+ λ = 0. (C.3)

Next, we expand the denominator and rearrange the equation to obtain a quadratic expression, ex-

pressed as

n2
i + 2Dni + (D2 +

piC

λ
) = 0. (C.4)

To solve for the optimal triphone frequencies we use the standard expression for the roots of a

quadratic function, given by
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ni =
−2D ±

�

(2D)2 − 4(D2 + piC
λ
)

2
. (C.5)

This provides two potential roots. We can limit the solution to one of the roots as the triphone count

ni must be greater than or equal to zero, thus discarding all negative roots. The final triphone count

ni is dependent on the λ value which is shared by the set of triphone counts. Therefore, once we have

obtained the solution for λ we can substitute this value into the set of equations and solve for each

triphone count.

C.2.1 SOLVING OPTIMAL TRIPHONE COUNTS

To solve for λ we employed numerical techniques such as the fzero function provided by Matlab. This

function tries to find a root for a single-variable continuous function [77] given an initial value or a

search range. The user has to define the continuous function which has one dependent input variable,

and fzero then alternates between bisection and interpolation to find the root of the defined function.

In our case we defined the following objective function:

�

i=1

Nqi(λ)−N = 0. (C.6)

The input to the function is a λ value, which is mapped to a series of triphone counts ni using

equation (C.4) and limiting the solutions to positive integers Z
+. Once all the triphone counts have

been obtained they are summed together and subtracted from the total number of triphones that may

appear in the training corpus. This value is returned and depending on the value fzero will terminate

or alter the input λ value accordingly. After a solution is reached the triphone counts are finally

calculated and mapped to the closest integer value. These are then the final optimal triphone counts.

C.3 EXPERIMENTAL SETUP

The experimental setup used to test the empirical triphone accuracy modelling approach is identical to

the one described in section (5.3). For ease of reference, we assign the key Opt Tri to this method.

We evaluated the Opt Tri data selection method on the Timit and WSJ corpora only.

C.4 RESULTS

A description for the max-entropy (MaxEnt Wrd and MaxEnt Tri), “compressed” (Sqrt, Uniq

Sqrt) and “intermediate” (0.75 and Uniq 0.75) data selection methods results are captured in

section (5.4.1), section (5.4.2) and section (5.4.3). The results presented here, will therefore, be

focused on the Opt Tri method and how this method performs compared to the other data selection

approaches.
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C.4.1 TIMIT

Table C.1 shows word correctness, word accuracies and statistical significance P-Values for Timit

trained and evaluated systems which were trained on sub-corpora created by using various data se-

lection methods and training data percentages. At the 20% percentage training data level the Opt

Tri data selection methods achieves higher accuracies compared to the max-entropy based data se-

lection approaches, however, the results are significantly worse compared to the Natural selection

and remaining data selection approaches. For the 40%, 60% and 80% training data levels the Opt

Tri methods produces a system word accuracy which falls between the MaxEnt Tri and MaxEnt

Wrd data selection accuracies, which are all below the Natural data selection accuracies. At the

60% data percentage level the results are significantly worse compared to the Natural data selection

accuracy.

Table C.1: Word correctness, word accuracies and P-Value for Timit systems trained on various sub-

corpora created using different data selection methods and data percentages and evaluated on the

Timit evaluation set.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Word Cor (%) 47.57 44.35 46.24 47.97 48.73 49.51 48.44 45.96

Word Acc (%) 40.88 37 37.75 42.09 42 43.36 42.1 38.53

P-Value - 3.32E-09 3.31E-06 4.46E-02 7.42E-02 6.63E-05 4.78E-02 2.82E-04

40%

Word Cor (%) 53.44 51.95 53.73 55.83 55.21 57.08 56.62 52.6

Word Acc (%) 44.93 43.4 43.94 48.14 47.37 49.75 49.33 43.64

P-Value - 1.35E-02 1.41E-01 1.05E-07 4.48E-05 2.00E-15 8.94E-12 4.26E-02

60%

Word Cor (%) 57.71 55.4 57.75 59.32 58.74 59 59.55 56.21

Word Acc (%) 49.29 45.95 48.47 51.44 50.67 51.01 51.78 46.41

P-Value - 3.27E-08 1.86E-01 1.22E-04 1.56E-02 2.91E-03 1.15E-05 3.42E-07

80%

Word Cor (%) 60.41 58.82 60.14 60.41 60.18 60.59 60.93 59.32

Word Acc (%) 51.66 49.37 51.31 52.19 51.35 51.97 52.52 50.24

P-Value - 1.05E-04 5.47E-01 3.42E-01 5.75E-01 5.91E-01 1.28E-01 1.54E-02

Table C.2 shows triphone correctness, triphone accuracies and statistical significance P-Values for

Timit trained and evaluated systems which were trained on sub-corpora created by using various data

selection methods and training data percentages. At the 20% data percentage level the Opt Tri data

selection method achieves a higher accuracy compared to MaxEnt Tri, MaxEnt Wrd approaches

but the accuracy is significantly worst compared to the Natural technique. For the remaining data

percentage levels Opt Tri performs better than the MaxEnt Tri approach but provides less of

a gain compared to the MaxEnt Wrd data selection method. At the 60% data percentage level the

decrease in triphone accuracy is significant. The Opt Tri approach provides consistently poorer

measures when compared to Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 for all data percentages.

Table C.3 shows word correctness, word accuracies and statistical significance P-Values for ASR

systems trained Timit data and evaluated on the WSJ evaluation corpus for different data selection

methods and training data percentages. At 20% data percentage the Opt Tri data selection method

produces the worst system accuracy which is a significant decrease from the Naturalmeasures. For
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Table C.2: Triphone correctness, triphone accuracies and P-Value for Timit systems trained on var-

ious sub-corpora created using different data selection methods and data percentages and evaluated

on the Timit evaluation set.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Tri Cor (%) 48.53 45.84 46.33 48.83 49.44 50.22 49.21 46.67

Tri Acc (%) 44.89 40.96 42.31 45.57 46.04 47.12 45.71 42.45

P-Value - 4.00E-15 9.55E-07 1.23E-01 1.50E-02 3.07E-06 8.76E-02 8.25E-07

40%

Tri Cor (%) 53.66 52.15 52.88 55.42 55.32 56.48 56.11 52.5

Tri Acc (%) 48.52 46.59 47.56 50.65 50.39 52.07 51.71 47.11

P-Value - 2.65E-05 4.92E-02 1.29E-06 2.04E-05 6.00E-15 1.08E-11 1.89E-03

60%

Tri Cor (%) 56.97 55.28 56.58 58.52 57.97 57.88 58.5 55.66

Tri Acc (%) 51.71 49.35 51.22 53.46 52.84 52.83 53.57 49.73

P-Value - 5.47E-08 2.86E-01 3.09E-05 6.23E-03 9.16E-03 8.72E-06 1.73E-06

80%

Tri Cor (%) 59.38 58.03 59.13 59.71 59.29 59.46 59.65 58.6

Tri Acc (%) 53.97 52.23 53.6 54.39 53.98 54.12 54.59 52.91

P-Value - 2.78E-05 3.89E-01 2.73E-01 9.77E-01 7.22E-01 1.21E-01 1.22E-02

40% data percentage Opt Tri only performs better than the max-entropy techniques but still signif-

icantly worse when compared to the Natural data selection method. At the 60% level Opt Tri

achieves a system accuracy better than MaxEnt Tri but worse than MaxEnt Wrd and Natural

methods which is significantly worse. Lastly, at the 80% Opt Tri data selection approach produces

a gain in performance which is insignificantly better when compared to the Natural approach and

comparable to the 0.75 and Uniq Sqrt techniques.

Table C.3: Word correctness, word accuracies and P-Value results for Timit trained ASR system

evaluated on the WSJ evaluation set for various data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Word Cor (%) 41.45 39.38 40.49 41.71 42.24 41.58 41.62 38.89

Word Acc (%) 34.22 31.21 32.04 34.89 35.54 35.16 34.69 30.72

P-Value - 1.00E-15 3.12E-09 5.89E-02 2.37E-04 7.13E-03 1.94E-01 0.00E+00

40%

Word Cor (%) 48.88 46.87 47.58 50.9 49.85 51.64 50.25 47

Word Acc (%) 40.33 38.1 37.51 43.51 42.18 44.25 42.56 38.57

P-Value - 7.57E-09 1.02E-13 0.00E+00 4.54E-07 0.00E+00 1.27E-09 1.82E-06

60%

Word Cor (%) 52.18 49.57 52.04 53.72 53.34 53.41 53.48 50.04

Word Acc (%) 43.67 39.81 42.62 45.61 45.23 45.19 45.11 40.89

P-Value - 0.00E+00 4.49E-03 2.34E-08 6.90E-06 1.49E-05 6.41E-05 4.80E-14

80%

Word Cor (%) 53.43 52.76 52.99 54.31 53.34 53.7 54.78 53.26

Word Acc (%) 43.23 42.93 43.21 45.45 44.03 44.37 45.87 44.1

P-Value - 3.91E-01 9.53E-01 9.50E-11 1.49E-02 7.27E-04 1.30E-14 1.54E-02

Table C.4 shows triphone correctness, triphone accuracies and statistical significance P-Values

for ASR systems trained Timit data and evaluated on the WSJ evaluation corpus for different data se-

lection methods and training data percentages. At the 20% data percentage level the Opt Tri data

selection method produces the lowest triphone accuracy which is significantly worst when compared

to the Naturalmethod. For the 40% data percentage level the Opt Tri approach manages to out-

perform both the MaxEnt Tri and MaxEnt Wrd techniques but produces a significant decrease
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in triphone accuracy when compared to the Natural data selection method. At the 60% level the

Opt Tri approach only beats the MaxEnt Tri data selection method but the accuracy is signifi-

cantly worse compared to the Natural approach. For the last data percentage, Opt Tri approach

produces a comparable triphone accuracy as compared to the Natural data selection method but is

lower than the Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 methods’ accuracies.

Table C.4: Triphone correctness, triphone accuracies and P-Value results for Timit trained ASR

systems evaluated on the WSJ evaluation set for various data selection methods and training data

percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Tri Cor (%) 46.2 45.28 44.96 47.05 47.91 47.65 47.1 44.33

Tri Acc (%) 42.2 40.27 40.8 43.38 44.02 43.98 42.98 39.98

P-Value - 5.79E-12 4.26E-07 1.33E-05 7.03E-12 2.28E-11 3.03E-03 0.00E+00

40%

Tri Cor (%) 53.32 52.37 51.61 55.24 54.54 55.85 54.82 52.38

Tri Acc (%) 48.06 46.39 45.63 50.12 49.32 51.12 50.03 46.57

P-Value - 1.15E-09 0.00E+00 1.00E-15 1.58E-06 0.00E+00 9.70E-14 1.44E-08

60%

Tri Cor (%) 56.41 54.35 55.72 57.54 57.36 57.17 57.15 54.81

Tri Acc (%) 50.7 48.15 49.82 51.92 51.76 51.69 51.79 48.47

P-Value - 0.00E+00 4.33E-04 8.83E-07 1.72E-05 5.62E-05 1.42E-05 0.00E+00

80%

Tri Cor (%) 56.73 56.49 56.8 57.83 56.92 57.17 58.22 57.08

Tri Acc (%) 50.67 50.17 50.57 51.89 50.92 51.15 52.46 50.76

P-Value - 3.35E-02 6.56E-01 1.82E-07 2.66E-01 3.73E-02 5.00E-15 6.98E-01
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C.4.2 WSJ

Table C.5 shows word correctness, word accuracies and statistical significance P-Values for WSJ

trained and evaluated ASR systems for different data selection methods and training data percentages.

The Opt Tri data selection method produces comparable results when compared to Natural data

selection approach with no statistically significant gains or losses. The approach also produces results

which are comparable to the measures attained by the Sqrt, 0.75, Uniq Sqrt and Uniq 0.75

approaches.

Table C.5: Word correctness, word accuracies and P-Value results for WSJ trained and evaluated

ASR systems for various data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Word Cor (%) 60.01 58.58 59.57 59.82 60.31 59.95 59.61 59.51

Word Acc (%) 51.61 49.62 50.35 51.67 52.03 51.65 51.11 51.24

P-Value - 3.58E-08 3.77E-04 8.65E-01 2.34E-01 9.23E-01 1.62E-01 3.05E-01

40%

Word Cor (%) 63.68 63.36 64.23 63.36 63.51 63.64 64.21 63.83

Word Acc (%) 55.32 55.24 55.83 55.11 55.22 55.62 55.82 55.38

P-Value - 8.09E-01 1.41E-01 5.35E-01 7.49E-01 3.83E-01 1.35E-01 8.51E-01

60%

Word Cor (%) 66.3 65.74 66.34 66.14 66.54 66.5 66.78 65.89

Word Acc (%) 58.76 58.07 58.36 58.3 58.93 58.64 59.24 57.81

P-Value - 2.79E-02 1.95E-01 1.34E-01 5.89E-01 6.90E-01 1.16E-01 1.76E-03

80%

Word Cor (%) 67.68 67.4 67.33 67.94 67.8 67.58 68.08 67.52

Word Acc (%) 60.42 59.87 59.63 60.54 60.35 60.2 60.84 60.1

P-Value - 6.53E-02 4.10E-03 6.36E-01 8.28E-01 4.34E-01 1.19E-01 2.83E-01

Table C.6 shows triphone correctness, triphone accuracies and statistical significance P-Values

for WSJ trained and evaluated ASR systems for different data selection methods and training data

percentages. For the 20%, 40% and 80% data percentage levels the Opt Tri data selection methods

produces comparable triphone accuracies as compared to the Natural approach. At the 60% data

percentage level , however, it produces the worst triphone accuracy which is significantly lower than

what the Natural data selection method achieves.

Table C.6: Triphone correctness, triphone accuracies and P-Value results for WSJ trained and eval-

uated ASR systems for various data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Tri Cor (%) 63.39 62.66 63.22 63.14 63.4 63.28 63.2 63.45

Tri Acc (%) 58.41 57.63 57.99 58.06 58.37 58.28 58.26 58.23

P-Value - 1.21E-03 8.67E-02 1.67E-01 8.61E-01 6.25E-01 6.12E-01 4.39E-01

40%

Tri Cor (%) 66.59 66.78 66.89 66.3 66.26 66.51 66.75 66.78

Tri Acc (%) 61.41 61.69 61.76 60.95 61.01 61.29 61.57 61.37

P-Value - 2.05E-01 1.24E-01 4.71E-02 7.79E-02 6.00E-01 4.62E-01 8.43E-01

60%

Tri Cor (%) 68.89 68.55 68.62 68.38 68.86 68.69 68.99 68.41

Tri Acc (%) 63.86 63.53 63.49 63.16 63.77 63.53 64 63.06

P-Value - 1.23E-01 6.95E-02 6.51E-04 6.25E-01 1.02E-01 5.05E-01 7.86E-05

80%

Tri Cor (%) 69.84 69.89 69.82 70.03 69.94 69.83 70.13 69.93

Tri Acc (%) 64.85 64.8 64.71 65.11 64.88 64.77 65.18 64.77

P-Value - 8.10E-01 4.39E-01 1.56E-01 8.59E-01 6.67E-01 7.18E-02 6.70E-01
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Table C.7 shows word correctness, word accuracies and statistical significance P-values for ASR

systems trained on WSJ data and evaluated on the Timit evaluation set for various data selection

approaches and training data percentages. At the 20% data percentage level the Opt Tri data

selection method produces the second worse performance which is significant when compared to the

Natural data selection method. The same trend is observed at the 40% level except that the decrease

is not significant. For the 60% and 80% data percentage levels the Opt Tri performs better than

the max-entropy methods but does not provide a gain over the Natural selection results, however,

the results a comparable since the decreases are not significant.

Table C.7: Word correctness, word accuracies and P-Value results for WSJ trained ASR systems eval-

uated on the Timit evaluation set for various data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Word Cor (%) 55.05 52.26 53.68 55.61 55.69 55.75 55.56 52.99

Word Acc (%) 44.37 40.41 42.17 45.4 44.9 45.73 45.35 42.1

P-Value - 1.69E-09 9.78E-04 1.29E-01 4.33E-01 3.41E-02 1.57E-01 4.27E-04

40%

Word Cor (%) 58.37 56.9 58.59 59.2 59.04 59.17 59.06 57.91

Word Acc (%) 47.27 45.4 47.42 48.28 47.7 48.16 47.56 46.41

P-Value - 3.52E-03 8.31E-01 1.31E-01 4.93E-01 1.87E-01 6.70E-01 2.05E-01

60%

Word Cor (%) 60.29 58.7 58.97 60.97 60.81 61.58 61.05 59.26

Word Acc (%) 49.74 47.6 47.09 50.47 49.6 50.84 50.19 47.94

P-Value - 5.73E-04 6.24E-06 2.08E-01 7.36E-01 7.21E-02 4.71E-01 2.48E-03

80%

Word Cor (%) 61.38 60.26 60.67 61.72 61.39 61.52 61.37 60.93

Word Acc (%) 50.9 49.37 49.22 51.29 50.59 51.1 50.58 50.35

P-Value - 1.83E-02 6.52E-03 4.07E-01 6.61E-01 6.46E-01 6.31E-01 3.98E-01

Table C.8 shows triphone correctness, triphone accuracies and statistical significance P-values for

ASR systems trained on WSJ data and evaluated on the Timit evaluation set for various data selection

approaches and training data percentages. At the 20% and 40% data percentage levels the Opt

Tri data selection method produces triphone accuracies which are better than the MaxEnt Tri

approach but less than the accuracies produced be the MaxEnt Wrd approach. The accuracies are

insignificantly less than the Natural data selection method’s accuracies at those data percentage

levels. At the 60% data percentage level the Opt Tri approach achieves the smallest triphone

accuracy out of all the data selection methods which is significantly worse compared to the Natural

technique. At the 80% mark the Opt Tri data selection methods produces a triphone accuracy

which is comparable to the accuracy achieved by the Natural approach and better than the max-

entropy data selection methods.
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Table C.8: Triphone correctness, triphone accuracies and P-Value results for WSJ trained ASR sys-

tems evaluated on the Timit evaluation set for various data selection methods and training data

percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%

Tri Cor (%) 53.42 51.58 52.79 54.25 54.31 54.45 54.41 52.15

Tri Acc (%) 48.06 45.73 47.02 49.3 49 49.43 49.48 46.64

P-Value - 6.87E-07 2.80E-02 8.89E-03 5.20E-02 3.27E-03 2.67E-03 1.58E-03

40%

Tri Cor (%) 56.21 55.09 56.82 57.25 56.94 57.2 56.77 55.88

Tri Acc (%) 50.32 49.02 50.69 51.38 51.11 51.45 51 49.49

P-Value - 4.15E-03 4.16E-01 1.60E-02 6.77E-02 1.46E-02 1.33E-01 7.79E-02

60%

Tri Cor (%) 58.1 57.11 57.15 58.55 58.35 59.15 58.93 56.96

Tri Acc (%) 52.33 50.9 50.77 52.56 52.45 53.36 53.03 50.75

P-Value - 5.75E-04 1.45E-04 5.57E-01 8.14E-01 1.11E-02 8.91E-02 8.28E-05

80%

Tri Cor (%) 59.38 58.03 58.63 59.46 59.02 59.56 59.22 58.78

Tri Acc (%) 53.38 52.04 52.38 53.47 52.98 53.59 53.11 52.56

P-Value - 1.45E-03 1.47E-02 7.44E-01 3.31E-01 5.32E-01 5.36E-01 4.55E-02

C.5 CONCLUSION

Based on the results presented in section (C.4.1) and section (C.4.2) the Opt Tri method is not

an effective data selection approach when compared to the results obtained by the Natural data

selection method. The performance of the Opt Tri data selection approach, in the majority of ex-

periments, was comparable to the max-entropy-based data selection techniques. Considering word

accuracies the proposed data selection method only managed to outperform the Natural data se-

lection method for two experiments (40% WSJ train and evaluated, and, 80% Timit trained and WSJ

evaluated) which were not statistically significant.

A final concern about the Opt Tri method is that it relies on detailed fits to the accuracy-

training count curves, whereas the other methods do not require such detailed parameters. Since such

values are likely to be quite different across different languages and applications, it is preferable to

use methods such as Natural and Sqrt when designing a new corpus.
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APPENDIX D

DATA SELECTION KL-DIVERGENCE

INVESTIGATION

D.1 INTRODUCTION

In this appendix we investigate whether the observed accuracy differences, seen in the data selection

results presented in section (5.4) and appendix (C) , can be explained by the correspondence between

the training and evaluation distributions. In addition, we wanted to establish whether or not the word

and triphone correctness measures, and, the word and triphone accuracy measures were generally in

agreement.

D.2 KULLBACK – LEIBLER DIVERGENCE

The Kullback-Leibler divergence measures the difference between two distributions. The KL-

divergence measure between two discrete distributions is given by,

DKL(X  Y) =
�

i

log

�

X(i)

Y (i)

�

X(i), (D.1)

where X(i) and Y (i) are the probabilities for symbol i in distributions X and Y respectively. The

symmetric KL-divergence is given by 1
2×[DKL(X  Y)+DKL(Y  X)] and will be used throughout

this appendix to measure the similarity between the distributions.

D.3 RESULTS

In this section we present; (1) symmetric KL-divergence measures calculated between training and

evaluation sets, (2) the total number of training triphones used to train the various ASR systems, and,
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(3) Pearson and Spearman correlation coefficients measured between the correctness and accuracies

measures as well as between the symmetric KL-divergence measures and the different correctness and

accuracies. The evaluations contained in this section were performed on the various data selection

experiments presented in section (5.4) and appendix (C) . The three corpora used for the evaluation

were: American English Timit, American English WSJ and IsiZulu Lwazi. The experimental setup

is described in section (5.3).

D.3.1 TIMIT

Table D.1 shows the symmetric KL-divergence measure between the different training and evaluation

sets and the number of training triphones per data percentage and data selection method. Comparing

the max-entropy columns, the distortions between the training and evaluation sets are larger compared

to the natural selection method (Natural) – the differences tend to decrease as the data percentages

increase. At the 20% and 40% training data percentages Opt Tri data selection method produces

distributions which are less distorted compared to the max-entropy data selection methods but more

distorted compared to the remaining approaches. At the 60% and 80% data percentage levels the

Opt Tri data selection approach created less distorted distributions compared to the MaxEnt Tri

but more distorted when compared to the remaining techniques. The Sqrt, 0.75, Uniq Sqrt

and Uniq 0.75 data selection methods all manage to produce lower divergence measures with the

Uniq methods attaining slightly smaller distortions for all data percentages. Uniq 0.75 approach

produces the lowest distortions for all data percentages. The number of training triphones are all

comparable with no strong deviations.

Table D.1: Symmetric KL-divergence and the number of training triphones for Timit trained and

evaluated ASR systems.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%
Sym KL-div 0.5749 0.6827 0.7276 0.5206 0.5238 0.5060 0.4959 0.6136

# Training Triphones 24141 24127 24147 24136 24145 24163 24149 24138

40%
Sym KL-div 0.5620 0.6548 0.6574 0.4977 0.5261 0.4801 0.4742 0.6202

# Training Triphones 48248 48263 48247 48266 48264 48249 48259 48285

60%
Sym KL-div 0.5555 0.6340 0.6118 0.5108 0.5227 0.4851 0.4782 0.6144

# Training Triphones 72372 72377 72394 72404 72371 72399 72371 72374

80%
Sym KL-div 0.5530 0.6004 0.5747 0.5341 0.5293 0.5209 0.5133 0.5919

# Training Triphones 96495 96504 96517 96514 96494 96504 96520 96501

Table D.2 shows Pearson and Spearman coefficients and the associated P-Value significances for

correlations between selected measures obtained using Timit trained and evaluated systems. The

Pearson correlations between the symmetric KL-divergence and word correctness, word accuracies,

triphone correctness and triphone accuracies show a strong negative correlation but only the test

between the word accuracies and symmetric KL-divergence passes the 0.001 significance level. The

Spearman coefficients show a weak to low negative correlation between symmetric KL-divergence

and word correctness and triphone correctness, while the word accuracies and triphone accuracies
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show a low to moderate negative correlation towards the symmetric KL-divergence. The Spearman

coefficients are insignificant. Lastly, both the Pearson and Spearman coefficients show significant

very strong correlations between the word and triphone correctness and word and triphone accuracies.

Table D.2: Pearson and Spearman correlation coefficients between selected measures obtained on

Timit trained and evaluated ASR systems.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.4178 1.73E-02 -0.3488 5.03E-02

Word Acc & Sym KL-div -0.5687 6.82E-04 -0.4527 9.89E-03

Tri Cor & Sym KL-div -0.4410 1.15E-02 -0.3365 6.02E-02

Tri Acc & Sym KL-div -0.5532 1.02E-03 -0.4173 1.746E-02

Word Cor & Tri Cor 0.9979 2.06E-37 0.9946 3.50E-31

Word Acc & Tri Acc 0.9978 4.29E-37 0.9911 7.64E-28

Table D.3 shows symmetric KL-divergence measures between training and evaluation sets and the

number of training triphones for Timit trained ASR systems and evaluated on the WSJ evaluation set

for various data selection methods and training data percentages. The triphone-based max-entropy se-

lection method produces KL-divergence measures slightly lower than the Natural selection method

at the 20% and 40% training data percentages but for the 60% and 80% level the distortions are higher.

The word-based max-entropy data selection approach consistently attains the highest distortions. The

Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 approaches produce lower distortions compared to

the Natural selection method, with the Uniq 0.75 technique consistently producing the low-

est distortions. At the 20% data percentages level Opt Tri data selection methods produces the

second least distorted distribution, but for the remaining data percentages the Opt Tri data selec-

tion approach produces the second most distorted distribution. The training triphone amounts are

comparable.

Table D.3: Symmetric KL-divergence and the number of training triphones for Timit trained ASR

systems evaluated on the WSJ evaluation set for various data selection methods and training data

percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%
Sym KL-div 0.6723 0.6596 0.7552 0.6612 0.6481 0.6354 0.6072 0.6339

# Training Triphones 24141 24127 24147 24136 24145 24163 24149 24138

40%
Sym KL-div 0.6399 0.6398 0.7120 0.6183 0.6290 0.5911 0.5655 0.6449

# Training Triphones 48248 48263 48247 48266 48264 48249 48259 48285

60%
Sym KL-div 0.6315 0.6452 0.6747 0.6086 0.6151 0.5723 0.5553 0.6477

# Training Triphones 72372 72377 72394 72404 72371 72399 72371 72374

80%
Sym KL-div 0.6263 0.6345 0.6491 0.6253 0.6146 0.6025 0.5847 0.6402

# Training Triphones 96495 96504 96517 96514 96494 96504 96520 96501

Table D.4 shows Pearson and Spearman correlation coefficients between selected performance

measures obtained on Timit trained ASR systems which were evaluated on the WSJ evaluation set.

The Pearson coefficients show a strong negative correlation between the word correctness, word ac-

curacies, triphone correctness, triphone accuracies and the symmetric KL-divergence, however, only

SCHOOL OF ELECTRICAL, ELECTRONIC AND COMPUTER ENGINEERING 132



APPENDIX D DATA SELECTION KL-DIVERGENCE INVESTIGATION

the tests between the word accuracy and symmetric KL-divergence, and, triphone accuracy and sym-

metric KL-divergence are significant. The Spearman coefficients show significant moderate negative

correlations exist between the word correctness and symmetric KL-divergence, word accuracies and

symmetric KL-divergence, triphone correctness and symmetric KL-divergence, and, triphone accu-

racies and symmetric KL-divergence. Both the Pearson and Spearman coefficients show very strong

correlation between the word and triphone correctness and accuracy measures.

Table D.4: Pearson and Spearman correlation coefficients between selected measures obtained on

Timit trained ASR systems evaluated on the WSJ evaluation set.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.5124 2.71E-03 -0.6039 2.51E-04

Word Acc & Sym KL-div -0.5997 2.86E-04 -0.6656 4.94E-05

Tri Cor & Sym KL-div -0.5424 1.34E-03 -0.6164 1.72E-04

Tri Acc & Sym KL-div -0.6002 2.81E-04 -0.6748 3.60E-05

Word Cor & Tri Cor 0.9957 1.28E-32 0.9858 7.59E-25

Word Acc & Tri Acc 0.9976 1.43E-36 0.9956 0.00e+00
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D.3.2 WSJ

Table D.5 shows symmetric KL-divergence measures between training and evaluation sets and the

number of training triphones for ASR systems trained and evaluated on WSJ data for various data

selection methods and training data percentages. The Natural data selection produces the lowest

KL-divergence distortions when compared to all other data selection methods for all data percent-

ages. For all data percentages the Opt Tri approach produces the third most distorted distribution

which is comparable to the Sqrt data selection method and better compared to the MaxEnt Tri

and MaxEnt Wrd data selection methods. The max-entropy data selection methods attain the high-

est distortions. The Uniq data selection methods produce slightly less distorted distributions when

compared to their non-unique counterparts for all data percentages. All training triphone counts are

quite similar.

Table D.5: Symmetric KL-divergence and the number of training triphones for WSJ trained and

evaluated ASR systems for various data selection methods and training data percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%
Sym KL-div 0.1441 0.2404 0.2089 0.1780 0.1487 0.1753 0.1441 0.1782

# Training Triphones 136010 136056 136060 136002 136018 136013 135992 136004

40%
Sym KL-div 0.1322 0.1854 0.1655 0.1552 0.1412 0.1508 0.1347 0.1561

# Training Triphones 272010 271955 271950 272005 271989 271946 271977 271947

60%
Sym KL-div 0.1282 0.1512 0.1421 0.1399 0.1354 0.1374 0.1303 0.1414

# Training Triphones 407937 408001 407962 407967 407949 407919 407927 407933

80%
Sym KL-div 0.1258 0.1331 0.1314 0.1294 0.1282 0.1285 0.1261 0.1306

# Training Triphones 543898 543930 543921 543970 543932 543896 543995 543906

Table D.6 shows Pearson and Spearman correlation coefficients for selected performance mea-

sures obtained on WSJ trained ASR systems evaluated on the WSJ evaluation set. Considering all

comparisons made with the symmetric KL-divergence measures, the Pearson correlation coefficients

show significant very strong negative correlations and similarly, the Spearman coefficients show sig-

nificant strong negative correlations. The correlations between the word correctness and triphone

correctness, and, the word accuracies and triphone accuracies, are very strong as reported by both the

correlation coefficients.

Table D.6: Pearson and Spearman correlation coefficients between selected measures obtained on

WSJ trained and evaluated ASR systems.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.7531 6.55E-07 -0.8651 1.68E-10

Word Acc & Sym KL-div -0.7658 3.25E-07 -0.8544 4.91E-10

Tri Cor & Sym KL-div -0.7256 2.60E-06 -0.8182 1.06E-08

Tri Acc & Sym KL-div -0.7289 2.22E-06 -0.8500 7.47E-10

Word Cor & Tri Cor 0.9970 5.11E-35 0.9777 6.73E-22

Word Acc & Tri Acc 0.9956 1.65E-32 0.9858 7.59E-25

Table D.7 shows a number of symmetric KL-divergence measures between the training and eval-

uation sets and the training triphone amount per data percentage and data selection method for WSJ
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trained ASR systems evaluated on the Timit evaluation sets. The triphone-based max-entropy data

selection method MaxEnt Tri produces training distributions which are the most distorted. For

data percentages 20%, 40% and 60% Opt Tri data selection method generates distributions which

result in the second most distorted measures, after the MaxEnt Tri technique. For the last data

percentage, 80%, the Opt Tri distribution distortion is third most distorted after the MaxEnt Tri

and MaxEnt Wrd approaches. The Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 methods gen-

erate distributions with lower distortions when compared to the Natural data selections with the

non-unique selections producing slightly less distortions compared to the unique distortions. The

Sqrt approach managed to attain the lowest distortions for all data percentages. The number of

training triphones per data selection method and data percentages are comparable.

Table D.7: Symmetric KL-divergence and the number of training triphones for WSJ trained ASR

systems evaluated on the Timit evaluation set for various data selection methods and training data

percentages.

Percentage Metric Selection Type

Natural MaxEnt Tri MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75 Opt Tri

20%
Sym KL-div 0.7076 1.0113 0.8158 0.5539 0.5841 0.5561 0.5873 0.8675

# Training Triphones 136010 136056 136060 136002 136018 136013 135992 136004

40%
Sym KL-div 0.7196 0.9404 0.7984 0.5941 0.6131 0.5972 0.6176 0.8156

# Training Triphones 272010 271955 271950 272005 271989 271946 271977 271947

60%
Sym KL-div 0.7275 0.8700 0.7783 0.6338 0.6415 0.6352 0.6462 0.7794

# Training Triphones 407937 408001 407962 407967 407949 407919 407927 407933

80%
Sym KL-div 0.7336 0.8107 0.7589 0.6799 0.6806 0.6808 0.6842 0.7524

# Training Triphones 543898 543930 543921 543970 543932 543896 543995 543906

Table D.8 shows the Pearson and Spearman correlation coefficients between selected measures

which were obtained on WSJ trained ASR systems evaluated on the Timit evaluation set. The Pearson

correlation coefficients between the word correctness and symmetric KL-divergence, and, between

the triphone correctness and symmetric KL-divergence show insignificant weak negative correlations.

The correlation between the symmetric KL-divergence and word accuracies and between the triphone

accuracies, indicate an insignificant moderate negative and strong negative relationship respectively,

as indicated by the Pearson correlation coefficients. The Spearman correlation coefficients show for

all the symmetric KL-divergence comparisons insignificant negligible correlations. The Pearson and

Spearman correlation coefficients show significant very strong correlations between the word and

triphone correctness and accuracy measures.
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Table D.8: Pearson and Spearman correlation coefficients between selected measures obtained on

WSJ trained ASR systems evaluated on the Timit evaluation set.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.2981 9.74E-02 -0.1818 3.17E-01

Word Acc & Sym KL-div -0.3835 3.02E-02 -0.1895 2.98E-01

Tri Cor & Sym KL-div -0.2895 1.07E-01 -0.1337 4.63E-01

Tri Acc & Sym KL-div -0.4063 2.10E-02 -0.2225 2.20E-01

Word Cor & Tri Cor 0.9960 4.14E-33 0.9824 0.00E+00

Word Acc & Tri Acc 0.9942 1.28E-30 0.9862 5.12E-25

D.3.3 LWAZI

Table D.9 shows the symmetric KL-divergence measures and triphone training amounts for Lwazi

trained ASR systems evaluated on the Lwazi evaluation data using various data selection approaches

and training data percentages. The MaxEnt Wrd data selection method consistently produced distri-

butions with the greatest distortions for all data percentages. The Natural data selection approaches

produces distortions which are less the the MaxEnt Wrd, Sqrt and Uniq Sqrt methods. The

0.75 techniques achieves the lowest distortions for 20%, 40% and 60% data percentages and Uniq

0.75 attains the lowest distortion for 80% data percentage. The triphones counts are all comparable

with no major deviations from the norm.

Table D.9: Symmetric KL-divergence measures and triphone training amounts for Lwazi trained ASR

systems evaluated on Lwazi evaluation data. Different data percentages and data selection methods

were used to create various training corpora.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%
Sym KL-div 0.1276 0.4618 0.1311 0.1042 0.1335 0.1123

# Training Triphones 35883 35412 35452 35672 35460 35641

40%
Sym KL-div 0.1112 0.2481 0.1163 0.1011 0.1153 0.1050

# Training Triphones 71694 71084 71040 71289 71074 71281

60%
Sym KL-div 0.1071 0.1802 0.1117 0.1022 0.1090 0.1052

# Training Triphones 107527 106946 106884 106984 106918 107055

80%
Sym KL-div 0.1064 0.1395 0.1099 0.1052 0.1073 0.1048

# Training Triphones 143429 142951 142867 142889 142872 142936

Table D.10 shows Pearson and Spearman correlation coefficients for selected measures obtained

on Lwazi trained ASR systems and evaluated on the Lwazi evaluation sets. The Pearson correlation

coefficients shows an insignificant strong negative correlation exists between the word correctness and

symmetric KL-divergence, and, between the triphone correctness and symmetric KL-divergence. The

correlation between the word accuracies and symmetric KL-divergence is significant strong negative

relationship, while the correlation between the triphone accuracies and symmetric KL-divergence

is significant and very strong. The Spearman correlation coefficients show for all the symmetric

KL-divergence comparisons an insignificant moderate to low negative correlation. The reported cor-

relations between the word correctness and triphone correctness, and, between the word accuracies

and triphone accuracies are very strong and significant.
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Table D.10: Pearson and Spearman correlation coefficients between measures which were obtained

on Lwazi trained and evaluated systems.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.6191 1.25E-03 -0.4644 2.22E-02

Word Acc & Sym KL-div -0.6594 4.56E-04 -0.4618 2.30E-02

Tri Cor & Sym KL-div -0.6177 1.29E-03 -0.4718 1.99E-02

Tri Acc & Sym KL-div -0.7042 1.22E-04 -0.4696 2.05E-02

Word Cor & Tri Cor 0.9996 1.21E-35 0.9965 7.96E-07

Word Acc & Tri Acc 0.9907 1.41E-20 0.9869 1.00E-06

Table D.11 shows the symmetric KL-divergence measures and triphone training amounts for

Lwazi trained ASR systems evaluated on AST evaluation data using various data selection approaches

and training data percentages. The MaxEnt Wrd and Natural data selection approaches produce

the most and second most distorted distributions respectively. The Uniq Sqrt data method achieves

the lowest distortions and Sqrt the second lowest distortions. The triphones counts per data percent-

age are comparable.

Table D.11: Symmetric KL-divergence measures and number of training triphones for Lwazi trained

ASR systems evaluated on the AST evaluation set for different data percentages and data selection

methods used to create various training corpora.

Percentage Metric Selection Type

Natural MaxEnt Wrd Sqrt 0.75 Uniq Sqrt Uniq 0.75

20%
Sym KL-div 1.0672 1.3706 0.9652 0.9934 0.9586 0.9894

# Training Triphones 35883 35412 35452 35672 35460 35641

40%
Sym KL-div 1.1077 1.2630 1.0316 1.0511 1.0241 1.0355

# Training Triphones 71694 71084 71040 71289 71074 71281

60%
Sym KL-div 1.1354 1.2423 1.0822 1.0894 1.0725 1.0873

# Training Triphones 107527 106946 106884 106984 106918 107055

80%
Sym KL-div 1.1553 1.2132 1.1274 1.1304 1.1222 1.1283

# Training Triphones 143429 142951 142867 142889 142872 142936

Table D.12 shows the Pearson and Spearman correlation coefficients between selected measures

which were obtained on ASR systems trained on Lwazi data and evaluated on the AST evaluation set.

The Pearson correlation coefficients show insignificant negligible relationships exist between all the

symmetric KL-divergence comparisons which were compared with the word and triphone correct-

ness and accuracy measures. The Spearman correlation coefficients, show an insignificant moderate

to low correlation between, the word correctness and symmetric KL-divergence, between the word

accuracies and symmetric KL-divergence, and, between the triphone correctness and symmetric KL-

divergence. The relationship between the triphone accuracies and the symmetric KL-divergence is

insignificantly low to weak as indicate by the Spearman correlation coefficient. Lastly, a significant

very strong relationship is found between the word and triphone correctness and accuracy compar-

isons as reported by the Pearson and Spearman correlation coefficients.
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Table D.12: Pearson and Spearman correlation coefficients between selected measures obtained on

Lwazi trained ASR systems evaluated on the AST evaluation set.

Pearson Coefficient P-Value Spearman Coefficient P-Value

Word Cor & Sym KL-div -0.0541 8.01E-01 0.3826 6.58E-02

Word Acc & Sym KL-div -0.0356 8.68E-01 0.3182 1.29E-01

Tri Cor & Sym KL-div -0.0632 7.69E-01 0.3747 7.19E-02

Tri Acc & Sym KL-div -0.2489 2.40E-01 0.1756 4.09E-01

Word Cor & Tri Cor 0.9986 1.18E-29 0.9947 8.32E-07

Word Acc & Tri Acc 0.9593 1.43E-13 0.9452 1.98E-06

D.4 CONCLUSION

The work presented in this appendix investigated various relationships between the word and triphone

correctness and accuracy results presented in section (5.4) and appendix (C) . The main aspects under

investigation were;

• whether the observed ASR systems word and triphone correctness and accuracy differences,

for systems trained on various data selected corpora, were related to the similarity between the

training and evaluation corpora, and,

• whether the word and triphone correctness, and, word and triphone accuracies were generally

in agreement.

From the results presented in section (D.3), we may conclude:

• Consistently, for all experiments it was shown that the relationship between word correctness

and triphone correctness, and, between word accuracies and triphone accuracies are significant

and very strong.

• For the Timit trained ASR systems;

– For the Timit evaluated systems the correlations between the symmetric KL-divergence

and the different word and triphone correctness and accuracies, ranged from weak-low

(Spearman) to strong (Pearson), however, only the test between the word accuracies and

symmetric KL-divergence is significant.

– When the systems were evaluated using the WSJ evaluation set, the correlations between

the symmetric KL-divergence and various correctness and accuracy measures were mod-

erate (Spearman) to strong (Pearson) where the majority of tests are significant. Only the

test between word correctness and symmetric KL-divergence, and, triphone correctness

and symmetric KL-divergence were insignificant.

• For the WSJ trained ASR systems;
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– The relationship between the symmetric KL-divergence and word or triphone correctness

and accuracy measures were significantly strong (Spearman) to very strong (Pearson)

when using the WSJ evaluations.

– For the Timit evaluations, the symmetric KL-divergence correlations were insignificant

and ranged form negligible (Spearman) to moderate (Pearson).

• For the Lwazi trained ASR systems;

– For Lwazi evaluations we found: (1) insignificant strong negative linear correlations be-

tween the word correctness and symmetric KL-divergence, and, between the triphone

correctness and symmetric KL-divergence, (2) significant strong negative linear relation-

ship between the word accuracies and symmetric KL-divergence, (3) significant and very

strong linear correlation between the triphone accuracies and symmetric KL-divergence,

and, (4) insignificant moderate to low non-linear correlations for all the symmetric KL-

divergence comparisons.

– For AST evaluations we found: insignificant negligible linear correlations for all sym-

metric KL-divergence comparisons, while insignificant moderate to low non-linear cor-

relations for the same comparison, except for the symmetric KL-divergence and triphone

accuracy relationship which was low to weak.

• On average the Sqrt, 0.75, Uniq Sqrt and Uniq 0.75 approaches produce the lowest

distortions between the training and evaluations sets. The notable differences was the WSJ

trained and evaluated system where the Natural data selection methods produced the lowest

distortions.

• Regarding the Opt Tri data selection method: the symmetric KL-divergence measures also

showed that the selected training distributions, when compared to the evaluation sets, were in

the majority of cases more distorted compared to the distributions created by the Natural

selection method. In addition, for a number of the experiments distortions were comparable to

the max-entropy distribution distortions. As established in section (5.4) the max-entropy based

selections were the worst performing data selection methods.

Thus, our main conclusion is: we found that the word and triphone accuracies are indeed highly

correlated, and that on average the divergences between the training and evaluation corpora were in-

deed negatively correlated with the accuracy and correctness achieved – the lower the KL-divergence

measures the higher the correctness and accuracies. However, there are also cases in which lower KL-

divergence does not imply higher accuracy, so this does not seem to be the only factor that influences

the accuracy achieved – this is summarised in table D.13.

SCHOOL OF ELECTRICAL, ELECTRONIC AND COMPUTER ENGINEERING 139



APPENDIX D DATA SELECTION KL-DIVERGENCE INVESTIGATION

Table D.13: The data selection methods which produced the best word accuracies and lowest KL-

divergence for the various training sets, evaluation sets and data percentages.

Training Corpus Evaluation Corpus Data Percentage Best Word Accuracy Method Lowest KL-divergence Method

Timit Timit 20 Uniq Sqrt Uniq 0.75

Timit Timit 40 Uniq Sqrt Uniq 0.75

Timit WSJ 20 0.75 Uniq 0.75

Timit WSJ 40 Uniq Sqrt Uniq 0.75

Timit WSJ 60 Sqrt Uniq 0.75

WSJ WSJ 20 0.75 Natural / Uniq 0.75

WSJ WSJ 40 MaxEnt Wrd Natural

WSJ WSJ 60 Uniq 0.75 Natural

WSJ WSJ 80 Uniq 0.75 Natural

WSJ Timit 20 Uniq Sqrt Sqrt

WSJ Timit 60 Uniq Sqrt Sqrt

Lwazi Lwazi 20 Natural 0.75

Lwazi Lwazi 40 Natural 0.75

Lwazi Lwazi 60 Natural 0.75

Lwazi AST 20 Sqrt Uniq Sqrt

Lwazi AST 40 Sqrt Uniq Sqrt

Lwazi AST 60 0.75 Uniq Sqrt

Lwazi AST 80 Sqrt Uniq 0.75
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LWAZI FOLD EXPERIMENTS

E.1 INTRODUCTION

In section (5.3.2.1) we introduced the IsiZulu Lwazi corpus which was used during the investigation

of the various data selection approaches. The corpus does not have dedicated training, development

and evaluation sets. Therefore to create an evaluation set and obtain a reliable results when using the

corpus, the corpus was split into ten cross-validation folds. The statistics regarding the folds are given

in section (5.3.2.1). The results presented in section (5.4.3) are averages and thus in this appendix we

list the various results obtain on the individual folds.

E.2 RESULTS

The data selection approaches were evaluated on ASR systems trained on the Lwazi training folds and

each ASR system was evaluated using the specific Lwazi evaluation fold and the AST IsiZulu corpus.

The AST corpus details are presented in section (5.3.2.2). The experimental setup is presented in

section (5.3) and the various system performance metrics are described in section (5.3.7). In this

section we list the Lwazi and AST evaluation results per fold.

E.2.1 LWAZI EVALUATION

Table E.1 shows word correctness results, obtained using different data selection approaches and

training data percentages, for Lwazi ASR systems trained on data sourced from the Lwazi fold-

specific training sets and evaluated on the corresponding Lwazi fold-specific evaluation set.

Table E.2 shows word accuracies by fold, data selection method and training data percentage, for

various Lwazi ASR systems trained on fold training sets and evaluated on the corresponding Lwazi

fold evaluation set.
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Table E.1: Word correctness results for fold-specific Lwazi-trained ASR systems evaluated on the

fold-specific Lwazi evaluation sets.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 45.29 45.28 45.32 40.56 32.03 33.94 36.04 38.59 38.73 42.43

MaxEnt Wrd 30.03 32.73 29.29 30.28 24.3 21.94 26.74 25.51 25.58 29.16

Sqrt 40.52 40.47 40.74 36.77 30.09 32.87 34.33 35.74 37.86 40.2

0.75 44.25 43.12 42.88 38.75 32.51 33.05 35.47 37.36 39.13 41.62

Uniq Sqrt 39.81 39.94 40.52 35.74 30.65 30.35 34.52 34.15 35.05 38.45

Uniq 0.75 44.28 43.49 42.08 37.2 31.07 31.87 34.44 35.42 36.37 41.6

40%

Natural 52.04 52.17 49.22 47.2 38.1 38.65 40.8 44.61 45.1 49.65

MaxEnt Wrd 47.25 47.68 44.24 44.96 35.32 35.35 38.99 40.5 40.45 45.2

Sqrt 50.46 51.51 49.02 44.88 37.75 38.36 39.97 42.28 44.89 47.87

0.75 51.12 51.03 50.87 44.85 37.63 38.96 40.07 42.78 45.29 49.33

Uniq Sqrt 49.4 50.38 49.19 43.37 37.22 37.73 40.57 41.69 43.43 46.74

Uniq 0.75 49.46 50.19 49.08 44.34 36.86 36 40.45 41.8 44.05 48.46

60%

Natural 54.9 54.95 52.86 50.07 42.71 41.74 44.8 47.55 49.13 52.85

MaxEnt Wrd 52.72 54.6 51.44 49.48 39.93 40.77 44.32 46.06 46.95 51.28

Sqrt 54.9 54.76 53.85 49.85 42.48 40.59 45.69 47.38 49.46 52.1

0.75 55.04 55.16 53.85 49.53 42.3 41.27 45.55 46.16 50 52.63

Uniq Sqrt 53 55.57 53.71 49.48 40.67 40.93 44.6 47.11 49.85 52.12

Uniq 0.75 54.54 53.85 54.9 49.1 40.05 41.11 44.03 46.49 48.52 51.31

80%

Natural 57.17 58.13 56.44 52.32 44.54 43.26 47.78 49.79 51.17 54.1

MaxEnt Wrd 57.52 58.47 54.71 52.66 43.72 43.96 47.09 49.32 51.16 54.39

Sqrt 57.49 58.56 56.78 53.15 43.88 43.18 46.95 49.97 51.83 54.26

0.75 57.57 58.36 57.29 52.61 44.28 42.94 47.87 50.45 53.13 54.63

Uniq Sqrt 57.44 58.83 56.95 52.74 43.3 43.44 47.18 49.47 52.76 54.98

Uniq 0.75 57.74 57.88 56.98 53.49 44.2 43.47 47.38 50.16 52.67 54.07

Table E.3 shows the number of training triphones used to train the Lwazi ASR systems. The

triphone counts are dependent on the training data percentage, data selection method and fold.

Table E.4 shows the symmetric KL-divergence measures between the Lwazi training datasets and

Lwazi evaluation sets.
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Table E.2: Word accuracies results for fold-specific Lwazi-trained ASR systems evaluated on the

fold-specific Lwazi evaluation sets.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 26.38 18.49 22.95 11.59 6.86 6.62 10.82 18.61 11.48 21.36

MaxEnt Wrd 8.12 6.02 2.27 1.93 -0.21 1.05 1.29 8.62 -1.19 9.63

Sqrt 20.82 12.26 15.84 9.47 7.74 7.96 9.88 17.38 11.97 19.69

0.75 23.65 18.35 17 11.34 10.56 8.35 9.36 18.31 13.57 21.25

Uniq Sqrt 17.82 12.45 15.5 8.73 7.42 8.33 9.97 15.33 11.1 17.21

Uniq 0.75 23.11 16.63 18.06 9.47 9.02 7.91 9.68 15.48 9.18 20.97

40%

Natural 30.19 24.59 24.03 16.12 12.68 9.74 11.91 23.29 16.03 25.87

MaxEnt Wrd 23.92 18.75 16.75 13.56 6.62 10.5 10.31 18.99 11.49 21.86

Sqrt 29.1 23.53 21.54 12.41 10.73 11.18 9.22 20.85 16.41 24.85

0.75 28.8 22.26 22.96 13.64 10.85 10.42 9.17 23.04 16.71 24.81

Uniq Sqrt 27.71 23.58 22.55 13.31 10.35 9.69 10.65 21.24 15.03 23.78

Uniq 0.75 27.33 22.7 23.8 12.33 12.65 10.4 10.2 19.71 14.84 26.05

60%

Natural 35.12 26.4 26.47 18.96 16.62 13.75 14.46 26.28 20.18 30.63

MaxEnt Wrd 30.11 26.37 24.4 17.6 11.88 11.94 13.11 25.81 17.36 27.15

Sqrt 31.8 27.74 26.33 19.15 15.79 11.44 15.01 25.76 20.82 28.64

0.75 32.86 26.46 26.36 17.92 16.15 11.78 16.27 24.45 19.83 29.87

Uniq Sqrt 31.58 28.42 27.58 18.72 12.66 13.04 15.52 26.41 20.83 28.55

Uniq 0.75 32.92 24.86 29.6 18.11 12 13.33 16.16 25.05 21.36 28.87

80%

Natural 35.97 31.12 29.91 21.19 17.79 13.43 19.41 29.3 21.67 31.02

MaxEnt Wrd 37.87 31.86 27.95 21.56 15.73 14.69 17.15 28.87 22.9 31.32

Sqrt 35.94 32.79 30.4 22.3 16.82 14.22 17.69 29.12 22.86 30.95

0.75 37.11 31.09 31.05 21.91 16.89 14.38 18.71 30.8 26.11 30.69

Uniq Sqrt 36.24 32.51 29.57 22.01 16.14 13.35 18.72 28.88 25.49 32.6

Uniq 0.75 37.68 30.02 31.7 23.72 18.54 14.51 18.84 30.21 24.92 29.83

E.2.2 AST EVALUATION

Table E.5 shows word correctness results, obtained using different data selection approaches and

training data percentages, for Lwazi ASR systems trained on data sourced from the Lwazi fold-

specific training sets and evaluated on the AST evaluation set.

Table E.6 shows word accuracies by fold, data selection method and training data percentage, for

various Lwazi ASR systems trained on fold-specific training sets and evaluated on the AST evaluation

set.

Table E.7 shows the symmetric KL-divergence measures between the Lwazi fold-specific training

datasets and the AST evaluation set.
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Table E.3: The number of training triphones per fold and for various data selection methods used to

train the Lwazi ASR systems.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 35897 36077 35842 35729 36285 35618 35942 35884 35717 35846
MaxEnt Wrd 35266 35820 35445 35222 35562 35328 35511 35324 35218 35429

Sqrt 35314 35782 35530 35228 35704 35258 35518 35413 35295 35481

0.75 35533 35979 35721 35429 35942 35471 35810 35602 35506 35727

Uniq Sqrt 35352 35812 35550 35210 35696 35307 35575 35349 35287 35463

Uniq 0.75 35530 35981 35631 35433 35916 35495 35714 35553 35477 35683

40%

Natural 71529 72102 71876 71219 72250 71382 71782 71554 71416 71830

MaxEnt Wrd 70872 71900 71089 70620 71504 70730 71263 70867 70684 71315

Sqrt 70854 71746 71096 70534 71581 70689 71177 70864 70704 71163

0.75 71069 71982 71369 70818 71803 70912 71443 71146 70976 71378

Uniq Sqrt 70880 71739 71128 70596 71615 70707 71273 70870 70777 71162
Uniq 0.75 71098 71989 71440 70779 71768 70937 71421 71075 70950 71357

60%

Natural 107154 108441 107807 106813 108404 106882 107608 107313 107019 107832

MaxEnt Wrd 106614 108002 107091 106087 107682 106278 107267 106582 106583 107282
Sqrt 106501 107901 106998 106118 107728 106339 107171 106641 106416 107030

0.75 106630 107989 107068 106279 107793 106446 107224 106744 106526 107148

Uniq Sqrt 106568 107990 106986 106172 107747 106374 107176 106671 106426 107076

Uniq 0.75 106741 108100 107146 106342 107793 106522 107329 106802 106557 107223

80%

Natural 143074 144834 143446 142401 144561 142687 143732 143058 142751 143752

MaxEnt Wrd 142444 144409 143054 141963 143947 142233 143382 142519 142360 143202

Sqrt 142381 144269 142951 141909 143931 142108 143206 142540 142282 143098

0.75 142378 144313 143019 141928 143956 142088 143216 142562 142284 143147

Uniq Sqrt 142411 144269 143000 141884 143910 142104 143244 142571 142274 143057

Uniq 0.75 142520 144353 143088 141986 143961 142192 143309 142596 142286 143076

Table E.4: The symmetric KL-divergence measures for various Lwazi fold-specific training and eval-

uation sets.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 0.1326 0.1322 0.1320 0.1413 0.1299 0.1231 0.1173 0.1193 0.1239 0.1247

MaxEnt Wrd 0.4512 0.4580 0.4798 0.4382 0.4547 0.4844 0.4392 0.4618 0.4642 0.4865

Sqrt 0.1272 0.1299 0.1313 0.1487 0.1257 0.1319 0.1268 0.1283 0.1283 0.1326
0.75 0.0998 0.1053 0.1043 0.1171 0.1036 0.1106 0.0972 0.1025 0.0992 0.1028

Uniq Sqrt 0.1311 0.1326 0.1312 0.1508 0.1280 0.1333 0.1308 0.1296 0.1324 0.1348

Uniq 0.75 0.1053 0.1155 0.1158 0.1233 0.1122 0.1154 0.1050 0.1084 0.1094 0.1122

40%

Natural 0.1079 0.1192 0.1182 0.1208 0.1135 0.1167 0.1078 0.1016 0.1051 0.1012

MaxEnt Wrd 0.2349 0.2589 0.2533 0.2571 0.2347 0.2572 0.2377 0.2485 0.2464 0.2522

Sqrt 0.1109 0.1156 0.1143 0.1316 0.1162 0.1164 0.1139 0.1133 0.1138 0.1171

0.75 0.0956 0.1029 0.1029 0.1133 0.1021 0.1043 0.0965 0.0988 0.0961 0.0980

Uniq Sqrt 0.1088 0.1150 0.1128 0.1298 0.1138 0.1152 0.1127 0.1120 0.1150 0.1178

Uniq 0.75 0.0986 0.1083 0.1056 0.1159 0.1064 0.1088 0.0982 0.1031 0.1005 0.1042

60%

Natural 0.1017 0.1147 0.1089 0.1161 0.1107 0.1163 0.1021 0.0999 0.0994 0.1012

MaxEnt Wrd 0.1719 0.1887 0.1814 0.1840 0.1754 0.1967 0.1720 0.1752 0.1795 0.1777

Sqrt 0.1034 0.1127 0.1100 0.1263 0.1119 0.1139 0.1108 0.1082 0.1076 0.1124
0.75 0.0951 0.1044 0.1031 0.1139 0.1046 0.1069 0.0999 0.0985 0.0965 0.0994

Uniq Sqrt 0.0991 0.1107 0.1088 0.1220 0.1081 0.1115 0.1073 0.1064 0.1060 0.1101

Uniq 0.75 0.0972 0.1088 0.1075 0.1144 0.1074 0.1108 0.0995 0.1020 0.1003 0.1038

80%

Natural 0.0996 0.1139 0.1097 0.1130 0.1101 0.1182 0.1012 0.0993 0.0984 0.1005

MaxEnt Wrd 0.1288 0.1519 0.1438 0.1443 0.1388 0.1476 0.1319 0.1370 0.1371 0.1342

Sqrt 0.1002 0.1138 0.1105 0.1209 0.1104 0.1155 0.1088 0.1058 0.1047 0.1080

0.75 0.0965 0.1091 0.1069 0.1154 0.1073 0.1121 0.1023 0.1017 0.0982 0.1021

Uniq Sqrt 0.0976 0.1112 0.1096 0.1168 0.1089 0.1132 0.1049 0.1035 0.1018 0.1056

Uniq 0.75 0.0959 0.1088 0.1087 0.1123 0.1076 0.1120 0.0996 0.1016 0.0989 0.1024
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Table E.5: Word correctness results for fold-specific Lwazi-trained ASR systems evaluated on the AST

evaluation set.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 32.87 31.66 32.27 34.35 28.96 31.02 29.45 29.43 31.23 31.08

MaxEnt Wrd 18.88 21.01 21.68 22.94 23.52 24.76 23.14 23.02 19.59 20.46

Sqrt 33.53 28.36 31.22 30.36 29.53 29.75 31.53 28.64 31.17 31.42

0.75 29.81 30.76 29.31 29.73 29.56 29.47 28.98 30.17 29.07 29.85

Uniq Sqrt 27.09 27.68 27.19 30.09 27.59 28.24 29.08 29.94 27.38 29.14

Uniq 0.75 29.15 31.43 29.46 28.65 27.04 30.59 29.42 29.55 30.99 27.92

40%

Natural 38.61 35.98 37.28 38.55 36.73 36.39 37.98 37.59 35.35 37.19

MaxEnt Wrd 30.23 31.75 31.08 30.23 30.68 33.57 31.84 30.8 30.3 30.48

Sqrt 36.77 37.75 37.69 35.84 37.77 36.15 36.74 36.37 37.78 36.6

0.75 35.05 34.14 36.6 36.85 37.62 37.73 36.86 36.06 36.03 37.23

Uniq Sqrt 35.85 33.64 34.76 34.75 37.32 36.6 35.93 36.56 37.04 37.36

Uniq 0.75 34.76 33.63 34.54 36.31 36.07 35.41 35.48 35.35 35 35.33

60%

Natural 36.69 38.66 40.43 40.85 40.87 38.36 40.62 41.35 40.13 39

MaxEnt Wrd 34.59 34.89 33.92 34.41 33.61 33.19 33.71 33.42 35.03 33.21

Sqrt 40.55 40.08 41.31 40.02 39.54 38.46 38.44 40.42 41.51 40.59

0.75 39.97 39.26 40.79 40.39 38.37 38.47 39.46 39.42 40.8 41.72

Uniq Sqrt 38.41 38.24 40.42 39.42 40.31 40.43 39.49 37.9 40.13 41.23

Uniq 0.75 37.99 40.24 40.29 38.66 38.45 38.08 40.16 39.55 39.07 39.89

80%

Natural 40.8 39.44 39.92 41.26 39.92 40.9 40.95 39.99 41.05 41.23

MaxEnt Wrd 39.24 38.91 38.71 38.53 37.92 36.75 39.38 38.32 39.04 38.53

Sqrt 40.89 40.46 41.1 41.36 41.22 40.57 41.6 40.25 41.43 40.31

0.75 41.13 40 40.97 40.24 40.47 41.36 40.89 39.2 40.26 40.08

Uniq Sqrt 40.55 40.27 41.13 39.5 41.56 41.05 40.77 39.51 40.17 39.94

Uniq 0.75 38.72 39.83 41.48 39.79 40.16 41.44 40.8 41.17 40.02 41.06

Table E.6: Word accuracies results for fold-specific Lwazi trained ASR systems evaluated on the AST

evaluation set.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 18.7 17.69 15.27 21.06 12.38 14.1 14.72 13.79 14.06 16.67

MaxEnt Wrd 7.89 9.64 11.28 11.91 14.42 13.43 12.49 13.63 10.3 10.23

Sqrt 20.59 14.6 17.83 15.51 17.6 14.23 19.29 14.97 17.53 18.71

0.75 14.99 15.48 13 17.99 12.33 14.9 14.18 15.53 13.63 14.97

Uniq Sqrt 13.08 14.7 13.43 18.46 11.99 13.18 15.99 16.27 14.51 15.35

Uniq 0.75 13.67 15.74 12.55 13.63 12.62 15.02 14.35 14.15 16.44 14.17

40%

Natural 22.35 21.7 19.77 20.93 22.35 20.59 21.63 22.71 16.35 20.42

MaxEnt Wrd 15.66 16.88 17.39 12.89 16.36 21.15 17.28 14.75 14.86 15.62

Sqrt 21.3 23.87 23.27 20.23 22.89 20.24 20.6 22.17 23.59 22.02

0.75 18.26 18.16 20.21 21.01 22.66 22.32 20.67 21.12 21.02 23.02

Uniq Sqrt 20.36 19.2 18.16 20.39 22.17 19.96 21.26 20.8 23.15 23.22

Uniq 0.75 20.34 19.37 17.92 21.01 20.65 19.05 19.17 19.98 20.18 21.26

60%

Natural 20.74 23.49 25.99 23.55 26.45 21.3 25.34 25.28 23.94 22.55

MaxEnt Wrd 17.78 16.24 16.54 16.45 14.98 13.84 13.38 13.56 16.57 15.81

Sqrt 24.7 24.86 26.45 25.34 24.8 22.46 21.94 23.15 26.16 24.95

0.75 24.99 23.96 25.4 24.83 23.09 21.45 24.57 24.74 25.49 27.71

Uniq Sqrt 22.09 22.18 25.28 23.85 23.96 23.35 23.13 21.42 24.69 26.36

Uniq 0.75 21.97 25.51 26.32 22 23.57 21.02 23.42 24.69 24.73 24

80%

Natural 25.07 22.93 23.1 26.51 24.32 24.58 25.63 23.46 24.45 26.26

MaxEnt Wrd 24.5 24.59 22.4 21.84 23.33 16.9 24.11 22.77 24.14 22.52

Sqrt 25.99 25.74 25.82 26.15 27.17 25.16 26.11 24.21 25.79 24.51

0.75 26.37 25.67 26.18 24.82 25.57 24.88 24.53 23.54 25.78 24.79

Uniq Sqrt 24.18 24.17 26.42 23.47 25.57 25.42 24.93 24.34 25.28 23.77

Uniq 0.75 22.86 24.36 25.24 22.94 24.35 23.95 24.22 25.32 23.67 24.43
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Table E.7: The symmetric KL-divergence measures for fold-specific Lwazi training and the AST eval-

uation set for various data percentages and data selection methods.

Percentage Selection Type Folds

1 2 3 4 5 6 7 8 9 10

20%

Natural 1.0546 1.0592 1.0581 1.0729 1.0784 1.0629 1.0581 1.0805 1.0743 1.0730

MaxEnt Wrd 1.3641 1.3574 1.3784 1.3649 1.3796 1.3761 1.3608 1.3770 1.3695 1.3777
Sqrt 0.9629 0.9603 0.9701 0.9645 0.9607 0.9686 0.9695 0.9640 0.9662 0.9650

0.75 0.9896 1.0008 0.9979 0.9963 0.9908 0.9934 0.9917 0.9869 0.9896 0.9974

Uniq Sqrt 0.9584 0.9560 0.9663 0.9570 0.9583 0.9613 0.9578 0.9585 0.9556 0.9570

Uniq 0.75 0.9861 0.9899 0.9970 0.9857 0.9873 0.9907 0.9925 0.9882 0.9863 0.9907

40%

Natural 1.1041 1.0994 1.1074 1.1089 1.1176 1.1044 1.1117 1.1043 1.1101 1.1088

MaxEnt Wrd 1.2614 1.2511 1.2645 1.2714 1.2647 1.2672 1.2595 1.2650 1.2608 1.2642

Sqrt 1.0290 1.0321 1.0345 1.0307 1.0328 1.0314 1.0302 1.0321 1.0323 1.0306

0.75 1.0517 1.0499 1.0525 1.0498 1.0502 1.0502 1.0530 1.0508 1.0516 1.0515

Uniq Sqrt 1.0227 1.0237 1.0267 1.0219 1.0260 1.0212 1.0250 1.0254 1.0246 1.0241

Uniq 0.75 1.0342 1.0348 1.0386 1.0362 1.0369 1.0334 1.0334 1.0357 1.0367 1.0354

60%

Natural 1.1325 1.1276 1.1336 1.1369 1.1408 1.1451 1.1343 1.1288 1.1370 1.1374

MaxEnt Wrd 1.2476 1.2359 1.2382 1.2430 1.2429 1.2461 1.2413 1.2441 1.2422 1.2420

Sqrt 1.0800 1.0830 1.0819 1.0814 1.0837 1.0812 1.0828 1.0819 1.0830 1.0828
0.75 1.0876 1.0901 1.0896 1.0894 1.0902 1.0889 1.0899 1.0901 1.0895 1.0890

Uniq Sqrt 1.0702 1.0723 1.0756 1.0691 1.0753 1.0706 1.0729 1.0718 1.0748 1.0728

Uniq 0.75 1.0855 1.0868 1.0899 1.0859 1.0889 1.0864 1.0871 1.0864 1.0893 1.0873

80%

Natural 1.1521 1.1536 1.1527 1.1557 1.1578 1.1613 1.1541 1.1476 1.1584 1.1597

MaxEnt Wrd 1.2132 1.2116 1.2111 1.2115 1.2134 1.2135 1.2142 1.2161 1.2143 1.2132

Sqrt 1.1252 1.1264 1.1279 1.1258 1.1285 1.1286 1.1280 1.1269 1.1287 1.1279

0.75 1.1284 1.1296 1.1307 1.1297 1.1313 1.1310 1.1312 1.1304 1.1319 1.1296

Uniq Sqrt 1.1204 1.1218 1.1235 1.1206 1.1234 1.1224 1.1226 1.1217 1.1236 1.1224

Uniq 0.75 1.1263 1.1271 1.1306 1.1271 1.1297 1.1284 1.1280 1.1277 1.1296 1.1290
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Symbols used in the “Background” chapter

Sn nth speech sample

ci ith cepstral coefficient

Mel(f) Mel value at frequency f
mj jth filter bank energy

Δt cepstral derivative at time t
τ time-shift parameter used in cepstral derivative calculation

O speech vector observations

ot speech vector at time t

Ŵ probable word sequence

P (W | O) probability of the word sequence given the observed speech vector sequence

P (W) probability of the word sequence occurring

µ mean vector

Σ covariance matrix

µj jth mixture mean vector

Σj jth mixture covariance matrix

bj(ot) j state output probability given observation ot

aij transition probability from state i to state j
µj state j mean vector

Σj state j covariance matrix

Ljm(t) state j component m occupation probability

αi(t) state i forward probability at time t
βj(t) state j backward probability at time t
φj(t) partial log likelihood of state j at time t
wN word at position N
V vocabulary

M mean adaptation matrix

ξ extended mean vector

H covariance transformation matrix

C Cholesky factors of an inverse covariance matrix

B inverse of the Cholesky factors of an inverse covariance matrix

Σdiag diagonal covariance matrix
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Symbols used in the “Cross channel adaptation” chapter

cim(t) zero mean ith cepstral coefficient at time t
civ(t) zero mean and variance normalised to one ith cepstral coefficient at time t
cia(t) zero mean, variance normalised to one and ARMA filtered ith cepstral coeffi-

cient at time t
X data vector series

Xi ith data vector

E[X] the expected value of X
µ mean vector

Σ covariance matrix

N (0, I) Normal distribution with zero mean vector and unit covariance matrix

Zsrc source data vector

Ztgt target data vector

Zzero normalized data vector

Asrc lower triangular matrix of Cholesky decomposition of source covariance ma-

trix

Atgt lower triangular matrix of Cholesky decomposition of target covariance matrix

A
−1
src inverse lower triangular matrix of Cholesky decomposition of source covari-

ance matrix

A
−1
tgt inverse lower triangular matrix of Cholesky decomposition of target covari-

ance matrix

A
T
src transposed lower triangular matrix of Cholesky decomposition of source co-

variance matrix

A
T
tgt transposed lower triangular matrix of Cholesky decomposition of target co-

variance matrix

µsrc mean vector estimated on source data

µtgt mean vector estimated on target data

Σsrc covariance matrix estimated on source data

Σtgt covariance matrix estimated on target data

τ prior information weight
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Symbols used in the “Efficient data selection for ASR” chapter

r Pearson correlation coefficient

ρ Spearman correlation coefficient

Xi ith raw score

Yi ith raw score

X mean of X raw scores

Y mean of Y raw scores

xi rank of the ith raw scores X
yi rank of the ith raw scores Y
x average x rank values

y average y rank values

tx triphone x
Atotal overall ASR system accuracy

Ai accuracy of the ith triphone
∂Atotal

∂ni
partial derivative of total accuracy Atotal with respect to triphone count ni

∂Ai(ni)
∂ni

partial derivative of triphone accuracy Ai with respect to triphone count ni

N total triphone count

ni ith triphone count

pi occurrence probability of the triphone i

qi modified occurrence probability of the triphone i

λ Lagrange multiplier

Z random variable for matched-pairs statistical significance test

muz average difference in the number of errors made in a segment

σz standard deviation of the difference in the number of errors made in a segment

N (0, 1) standard normal distribution

H0 null hypothesis

H1 alternative hypothesis
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