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ABSTRACT

Die uitspraakwoordeboek is a belangrike inligtingsbron wat benodig word gedurende die ontwikkeling van ’n
outomatiese spraakherkenningstelsel (ASR stelsel). In dié tesis pas ons 'n Britse Engels uitspraakwoordeboek
aan na Standaard Suid-Afrikaanse Engels (SSAE) as ’n gevallestudie in dialekaanpassing. Ons ondersoek neem
ons in drie verskillende rigtings: woordeboekkontrole, foneemoortolligheidsberekening en foneemaanpassing.

"n Uitspraakwoordeboek behoort getoets te word vir juisheid voordat dit in eksperimente of ander toepass-
ings gebruik word. Die proses om "n mens in diens te neem om 'n volledige uitspraakwoordeboek te kontroleer
is toegeeflik en kan nie altyd geakkommodeer word nie. In ons woordeboekkontrole navorsing probeer ons
om die mannekrag te verminder wat benodig word om uitspraakwoordeboeke te kontroleer deur outomatiese
en halfoutomatiese tegnieke te implementeer wat inskrywings wat moontlik foutief is te vind en isoleer. Ons
identifiseer nuwe tegnieke wat foute doeltreffend identifiseer, en wend hulle dan aan op ’n publieke domein
Britse Engels uitspraakwoordeboek.

Die ondersoek van foneemoortolligheid verg die oorweging van die moontlikheid dat nie alle foneemon-
derskydings nodig is in SSAE nie, sowel as die ondersoek van verskillende metodes om die onderskydings
te ontleed. Die metodes wat ondersoek word sluit beide data- en kennisgedrewe uitspraak voorstelle in vir
"n uitspraakwoordeboek wat in outomatiese spraakherkenning gebruik word. Hierdie ondersoek gee 'n dieper
taalkundige insig in die uitspraak van foneme in SSAE.

Laasteliks kyk ons na foneemaanpassing deur die KIT foneme tussen twee dialekte van Engels aan te pas
deur twee stelle aanpassingsreéls te implementeer. Aanpassingsreéls word in die letterkunde bekom maar word
ook formuleer na ’n ondersoek van die taalkundige waarnemings in die data. Ons voorspellings is 93% akku-
raat, wat aansienlik hoér is as die 71% wat behaalbaar is deur die implementering van reéls wat voorheen
geidentifiseer is. Die aanpassing van 'n Britse uitspraakwoordeboek na SSAE was die finale stap in die on-
twikkeling van 'n SSAE uitspraakwoordeboek, wat die doel van die tesis is. 'n Outomatiese spraakherkenning-

stelsel was ook ontwikkel met die woordeboek en dit het 'n ongedwonge foneemakkuraatheid van 79.7%.



ABSTRACT

The pronunciation dictionary is a key resource required during the development of an automatic speech recog-
nition (ASR) system. In this thesis, we adapt a British English pronunciation dictionary to Standard South
African English (SSAE), as a case study in dialect adaptation. Our investigation leads us in three different
directions: dictionary verification, phoneme redundancy evaluation and phoneme adaptation.

A pronunciation dictionary should be verified for correctness before its implementation in experiments
or applications. However, employing a human to verify a full pronunciation dictionary is an indulgent process
which cannot always be accommodated. In our dictionary verification research we attempt to reduce the human
effort required in the verification of a pronunciation dictionary by implementing automatic and semi-automatic
techniques that find and isolate possible erroneous entries in the dictionary. We identify a number of new
techniques that are very efficient in identifying errors, and apply them to a public domain British English
pronunciation dictionary.

Investigating phoneme redundancy involves looking into the possibility that not all phoneme distinctions
are required in SSAE, and investigating different methods of analysing these distinctions. The methods that are
investigated include both data driven and knowledge based pronunciation suggestions for a pronunciation dic-
tionary used in an automatic speech recognition (ASR) system. This investigation facilitates a deeper linguistic
insight into the pronunciation of phonemes in SSAE.

Finally, we investigate phoneme adaptation by adapting the KIT phoneme between two dialects of English
through the implementation of a set of adaptation rules. Adaptation rules are extracted from literature but also
formulated through an investigation of the linguistic phenomena in the data. We achieve a 93% predictive
accuracy, which is significantly higher than the 71 % achievable through the implementation of previously
identified rules. The adaptation of a British pronunciation dictionary to SSAE represents the final step of
developing a SSAE pronunciation dictionary, which is the aim of this thesis. In addition, an ASR system
utilising the dictionary is developed, achieving an unconstrained phoneme accuracy of 79.7%.

Keywords: Pronunciation dictionaries, pronunciation modelling, dictionary verification, KIT vowel, diph-
thong analysis, South African English, Standard South African English, dialect adaptation, BEEP pronuncia-
tion dictionary, CELEX pronunciation dictionary
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CHAPTER ONE

INTRODUCTION

The development of an Automatic Speech Recognition (ASR) system for a dialect of a well-known language
typically involves the re-use of existing language resources, such as phone sets and dictionaries from different
dialects. As the existing dictionaries and phone sets may not quite match the acoustics of a specific dialect,
dialect adaptation is required of either the phone set, the pronunciation dictionary or the acoustic data used to
construct the system.

Dialect adaptation of an existing pronunciation dictionary requires that the source pronunciation dictionary
be as free from errors as possible. The presence of errors in the dictionary can cause the results of experiments
to be inaccurate. This is partly due do the scrutiny given to the dictionary during experimentation, errors be-
ing identified and the correction of these errors which is then included in positive results, and partly because
errors do not behave in a predictable fashion and could thus alter the results of the experiment in an unpre-
dictable manner. Errors reduce the ability of experimenters to analyse their results as their experiments are not
implemented as planned.

Once a clean pronunciation dictionary is achieved dialect adaptation can be completed in either a knowledge
based or a data-driven manner. Knowledge based methods require expert knowledge to exist on at least the
dialect for which one would like to adapt the dictionary, but preferably also the dialect in which the dictionary
exists, for the purposes of extracting what transformations are required in order to adapt from one dialect to
the other. Data driven methods require data, which can be analysed in order to ascertain the transformations
required.

The experiments described in the forthcoming chapters involve the steps taken towards the implementation
of a Standard South African English (SSAE) pronunciation dictionary for the purposes of ASR. In this chapter
the context of the experiment is described and the research problem that is being addressed is specified. Also,

an overview is provided of the remainder of the thesis.

1.1 CONTEXT

Lack of access to information is an important issue in South Africa. There is a lack of access to the Internet and
automation is becoming more and more necessary in order to disseminate information by telephone. A recent

survey showed that only 7% of the country has access to the Internet at home (Statistics South Africa, 2007).
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However, the same survey found that 73% of households have a mobile phone. Thus, if information is to be
disseminated to the public, a telephone application would be the most efficient manner in which to do it. Also,
many traditional societies have a strong oral culture and are thus more comfortable with voice user interfaces
than with graphical or text user interfaces (Sharma et al., 2009). Call centres provide information to those who
require it, but high call volumes create necessity for the call centres to become increasingly automated in order
to meet demand.

Automation includes the use of speech recognition and speech synthesis to support automatic information
dissemination through a telephonic interface. Speech recognition allows the system to understand what the user
wants by allowing them to speak to the system. Speech synthesis allows the system to give the user information
using speech and thus negates the necessity for the user to be literate. This is important as 18% of South Africa
is illiterate (United Nations Educational, Scientific and Cultural Organization, 2001).

Language is also an important part of information dissemination. South Africa has 11 official languages,
some are spoken more than others, but each has its own population group in need of information. In order to
allow information to reach the highest number of people, it is important to select a language that is most likely
to be understood.

Standard South African English is a dialect of English that is spoken widely in South Africa. It is influenced
by the 10 other official languages of South Africa. Today only 8.2% of South Africa’s population speaks
English as a home language (Heugh, 2007). But South African English (SAE) is one of the four languages
that are most commonly used, together with isiZulu, isiXhosa and Afrikaans. This suggests that most of the
people that are speaking SAE are not first language speakers, and thus exhibit pronunciation differences that are
influenced by their home languages. These variants of English all influence Standard South African English,
which is the English dialect characteristic of first language South African speakers (Bekker, 2009).

In order to build speech recognition or speech synthesis systems for SSAE, resources such as a pronunci-
ation dictionary and speech data are required. The pronunciations of words for an ASR system are modelled
in the pronunciation dictionary. A pronunciation dictionary guides the automatic speech recognition (ASR)
system as it analyses speech data and creates acoustic models. Thus, a pronunciation dictionary forms the
very basis of pronunciation modelling in an ASR system. However, due to the pervasiveness of British and
American English, the pronunciation dictionaries that are available in English tend to model either British or
American pronunciations. Thus in order to develop a pronunciation dictionary that is specialised for SSAE,

one would need to be adapted for the dialect.

1.2 PROBLEM STATEMENT

The adaptation of a British pronunciation dictionary for SSAE requires the analysis of the original pronuncia-
tion dictionary as well as the dialect for which it is being adapted. This thesis investigates three main directions,
namely, dictionary verification, acoustic analysis of SSAE diphthongs and the adaptation of the KIT vowel' for

SSAE. The specific research questions being asked are described in more detail below:

1. How can lexical analysis techniques be applied during dictionary verification? The aim here is to
remove all errors from a pronunciation dictionary prior to its use for acoustic analysis. Since dictionaries

are typically large, automated or semi-automated techniques are of interest.

2. Are all phonemic distinctions required from an ASR perspective? Techniques to answer this general

question are developed using diphthongs as a case study. The aim here is to analyse the necessity and

IThe KIT vowel, or the ‘short I is part of Well’s lexical sets for describing “The lexical incidence of vowels in all the many accents [of
English]” Wells (1982)
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acoustic properties of diphthongs in an SSAE ASR system. This process can provide significant linguistic
insights into the acoustic properties of an SSAE ASR system, and through that into SSAE itself.

3. Can the dialect of a pronunciation dictionary be adapted to another dialect through the implemen-
tation of a set of rules? The aim here is to develop techniques that analyse the underlying relationship
between British English (BE) and Standard South African English (SSAE) phonemes. As the main
source of variation between BE and SSAE is caused by the KIT phoneme, this phoneme is selected as a
case study. The main output of this experiment will be a pronunciation dictionary that reflects the SSAE
pronunciation of the KIT phoneme.

1.3 OVERVIEW OF THESIS

The thesis is structured as follows:

o Firstly, in Chapter 2 a study of the literature that is relevant to this topic is provided. Decisions that need
to be made are discussed and their advantages and disadvantages are pointed out and compared.

e Chapter 3 describes the processes that are followed for dictionary verification, how these processes are

implemented and their ability to find and remove errors in a pronunciation dictionary.
o In Chapter 4, the baseline ASR system that is used for experimentation is described in detail.

o Chapter 5 explores the analysis of diphthongs in SSAE. The process of identifying and evaluating diph-
thong replacements is described. The results of this experiment are provided and discussed. Once the
diphthong analysis is complete a data limitation experiment is performed to evaluate the original pronun-

ciation dictionary against one in which there are no diphthongs.

e Chapter 6 describes the process followed for the purpose of adapting a British pronunciation dictionary
to SSAE through the adaptation of the KIT phoneme. The linguistic views on the topic are discussed.
Adaptation rules are developed, evaluated and finally applied to a British pronunciation dictionary, and

the final output dictionary is analysed.

e Finally, Chapter 7 contains a summary and conclusion of the findings in this thesis. This chapter also

describes the lessons learnt as well as possible future research directions.



CHAPTER TWO

LITERATURE STUDY

2.1 INTRODUCTION

In this chapter background is provided for the main topics investigated in this thesis through the exploration of
related prior work:

e The first section describes pronunciation, introduces the concept of pronunciation variations that can
occur therein, and explored the reasons for these variations. Variations in non-native speech are dis-
cussed in detail.

e Standard South African English (SSAE) is then discussed, the origin of this variety of English is
briefly summarised and its pronunciations are explored.

e Pronunciation modelling in automatic speech recognition (ASR) systems describes the different rep-
resentations that are used for pronunciation in ASR systems, in order to help the system analyse and

model the speech signal.

e Pronunciation variance modelling describes the modelling of pronunciation variance in ASR systems,

and what factors influence modelling on each level of the ASR.

¢ Information sources utilised during pronunciation modelling are discussed, including both the extrac-

tion and analysis of information about pronunciation, as well as into the verification of this information.

¢ Finally, dictionary verification is explored, describing how errors in pronunciation dictionaries are iden-
tified and removed.

2.2 PRONUNCIATION

Pronunciation describes the manner in which sounds or groups of sounds are realised in speech. In ASR
systems, pronunciations are modelled using phonemes. Phonemes model semantically distinctive sounds in
languages, however, the actual realisations of these sounds differ and are referred to as phones. Each phoneme

can thus be realised as one of many phones. The variations that occur in pronunciations can thus be phonetic,
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which means that the correct phoneme is realised but one or more of the phones are different, meaning that
the variation is minimal. The variations can also be phonemic, which implies a higher level of variation and a

different phonemic representation.

2.2.1 PRONUNCIATION VARIANCE ORIGINS

The pronunciation of a particular phoneme is influenced by various factors. These include the anatomy of the
speaker, whether they have speech impediments or disabilities, how they need to accommodate their listener,
their accent, the dialect they are using, their mother tongue, the level of formality of their speech, the amount
and importance of the information they are conveying (Jande, 2006), their environment (Lombard effect) and
even their emotional state (Strik and Cucchiarini, 1999). Care must also be taken when an automatic method
is used in the analysis of speech (as with ASR), as an automatic system does not perceive speech in the same

way that a human does, and thus can infer variance through its speech modelling process.

2.2.2 PRONUNCIATION VARIANCE REALISATIONS

Wester et al. (1998) define pronunciation variance in speech as having two effects, namely, changes in the
number and order of the phonemes in a pronunciation and changes in the pronunciations of those phonemes.
However, the simplicity of the effect should not encourage underestimation of its influence on the recogniseabil-
ity of the resulting pronunciation. The effects described can be devastating for an ASR system which has not

been equipped with the tools to reverse the effects or at least reduce their influence.

2.2.3 NON-NATIVE PRONUNCIATION

Non-native speech generally refers to accented speech that does not sound like the native speech used in a
specific geographical location. For ASR systems, which are usually designed with a specific nativity of speech
in mind, non-native speech refers to any speech that the system was not specifically designed to recognise. The
nativity of a person’s speech describes the combination of the effects of their mother tongue, the dialect that they
are speaking, their accent and their proficiency in the language that they are speaking on their pronunciation.

If an ASR system uses speech and a pronunciation dictionary associated with a certain nativity, non-native
speech causes consistently poor system performance (Wang et al., 2003; Oh et al., 2006; Livescu and Glass,
2000) (Lawson et al., 2003). For every different dialect of a language, additional speech recordings are typically
required in order to maintain ASR system performance, and pronunciation dictionary adjustments may also be
necessary.

The reason non-native pronunciations are so detrimental to an ASR system’s performance is because they
are variable, depending on the exact variant and dialect of the speaker’s native language as well as their profi-
ciency in the language that they are speaking (Benzeghiba et al., 2007). This is partly explained by experiments
that have shown that if a person is confronted with a sound that does not exist in their mother tongue, they try
to approximate the sound from the sounds they know (Flege, 1987).

If non-native speech can be categorised into dialects or variants, a very simple system can be implemented
without adaptation that recognises the dialect or variant being used, and then implements an ASR system that
is optimised for that specific task. Beattie et al. (1995) implement the same pronunciation dictionary for all the
dialects that they test on, but train using this dictionary on each different dialect separately. At run time, the
best acoustic models are selected to recognise a specific dialect. A similar study is performed by Lawson et al.
(2003), also keeping the same pronunciation dictionary and using a single set of accented data, with promising

results.
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2.3 STANDARD SOUTH AFRICAN ENGLISH

In order to describe the definition that will be used for SSAE in this thesis, South African English (SAE) must
first be defined. The definition of SAE used in Bekker (2009) is the dialect used mainly by white speakers in
the apartheid past, and which is currently in the process of being acquired by non-white South Africans. This is
due mostly to the fact that a large portion of the non-white South African population is only recently learning
and making use of English on a first language level.

There are many definitions of the different varieties of SAE as well as varying use of different definitions.
The definitions used in this thesis are as follows: We use the definition as proposed by Bekker (2009) to define
General SAE, as the pronunciation perceived to be used by the majority of the public (on a first language level).
SSAE is defined to be the variant described as the received pronunciation for SAE. A received pronunciation
is the ‘proper’ pronunciation for words, the one that is perceived to be the most correct. It often overlaps with
cultivated SAE, which describes the pronunciations taught to children at school. Thus the pronunciation being
investigated in this experiment may vary slightly from the pronunciation described in Bekker (2009), but both
exist under the SAE umbrella.

SSAE is an English dialect which is influenced by four main SAE variants, namely, White SAE, Black
SAE, Indian SAE and Cape Flats English. These names are ethnically motivated, but because each ethnicity
is significantly related to a specific variant of SAE, they are seen as accurately descriptive (Kortmann and
Schneider, 2004). It should be noted that these variants include extreme, strongly accented English variants
that are not included in SSAE, and not addressed in this thesis.

2.3.1 DIPHTHONGS IN SOUTH AFRICAN ENGLISH

A diphthong is a sound that consists of two vowels joined together through a smooth transition. Brink and
Botha (2001) perform an analysis of diphthongs in SAE, looking at the formant and pitch tracks to determine
the pronunciations of the diphthongs. Although the study does not look at SSAE as a whole, they do specifically
look at certain variants (mother-tongue speakers of isiZulu, isiXhosa and Sesotho). The study finds that second
language (L.2) speakers tend to monophthongise shorter diphthongs and shift the emphasis of long diphthongs
so that both elements in the diphthong receive the same emphasis.

Their analysis of diphthongs is continued in Brink and Botha (2002), finding that the /OW/ diphthong is
the most strongly affected and that /AW/ and /EY/ are monophthongised. This study concludes that when
a person is attempting to pronounce an unfamiliar diphthong, if one of the phonemes that constitutes that
diphthong is unfamiliar to them, either that phoneme is replaced with a phoneme from their native language
and over-articulated, or it is dropped altogether (resulting in monophthongisation). This is in agreement with
the findings of Flege (1987), who say that people try to approximate the sounds in a new language using the
sounds they already know from languages they speak (note that these findings relate to non-native speech and
not SSAE specifically).

2.3.2 THE KIT VOWEL IN SSAE

The KIT vowel ! in SSAE exhibits different behaviour under different circumstances. It experiences allophonic
variations that overlap with other phonemes, sometimes to the point where it is indistinguishable from them.
Much linguistic research has been directed at the analysis of the KIT vowel in SSAE, including research by
Lanham and Traill (1962), Lass and Wright (1985) and Webb (1983). Bekker (2009) reviews this literature

The KIT vowel, or the ‘short I is part of Well’s lexical sets for describing “The lexical incidence of vowels in all the many accents [of
English]”(Wells, 1982). A lexical set is described by a set of words that tend to exhibit similar “within dialect” behaviour, but many differ
between dialects.
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and analyses acoustic data in order to come up with a set of rules governing the behaviour of the KIT vowel.
Bekker (2009) mentions the warning provided by Branford (1994), who noted that, because the history of SAE
is so complex, it is unlikely that a single monolithic explanation can be found that will fit the observable facts.

The KIT split- the fact that words such as ‘chin’ and ‘kit’ are pronounced with a similar vowel in British En-
glish and two different vowels in SSAE- is one of the most distinctive features of SSAE. Additional background
with regard to the KIT split is discussed in Chapter 6.

2.4 PRONUNCIATION MODELLING IN ASR SYSTEMS

ASR systems attempt to model the human perception and semantic understanding of speech. In order to do

this, the ASR system must model pronunciation in a number of different ways to simulate human processing.

24.1 PRONUNCIATION MODELLING LEVELS

Pronunciation modelling in ASR systems takes place on three levels: The pronunciation dictionary, the acoustic
models and the language model (Strik and Cucchiarini, 1999).

Pronunciation modelling in the dictionary is represented as mappings between graphemic representations
of words to phonemic representations. This is the ASR system’s only means of determining the mappings and
is thus of importance to the core functionality of the system. The modelling of variant pronunciations for single
words needs to be implemented carefully and consistently. The addition of variant pronunciations for words
adds to the confusability of pronunciations in the pronunciation dictionary, but, if applied parsimoniously, the
benefit to the system can be quite high (Strik and Cucchiarini, 1999). Once the pronunciation dictionary has
shown the system the time placement of phonemes, acoustic modelling takes responsibility for modelling the
phonemes themselves.

Acoustic modelling describes the behaviour of phonemes as a mathematical model. Neural networks are
sometimes used for this purpose (Tebelskis, 1995), due to their flexibility and generalisation potential, however,
due to their inability to model temporal characteristics, they are usually used in addition to hidden Markov
models (HMMs). HMMs are usually used for acoustic modelling, as they resemble the synchronous and
piecewise stationary speech structure quite accurately. They represent speech as a number of sequential states,
and transitions between these states. Each state models properties (usually MFCCs, or Mel-frequency cepstrum
coefficients) of the piece of speech being modelled at that time as a Gaussian mixture, consisting of one or more
Gaussian distributions. As a phoneme changes, it moves through the states of the HMM. The acoustic models
learn how to model phonemes better the more they are trained, and can be configured to model the contexts of
the phonemes that they represent. Once the acoustic models are fully trained, they require language models to
guide recognition.

Language modelling describes statistical relationships between sounds and words. In other words, the
language model limits the number of choices that the acoustic model has to decide amongst, thereby reducing
the possibility of errors. It extracts a statistical relationships between all the units that occur in the data (which
can be a phoneme or a set of phonemes), studying which are likely to occur together and if so in what order.
Therefore, at any time it defines what the possible units that should be considered as candidates for recognition,

and acoustic models are used to select the optimal one.

2.5 PRONUNCIATION VARIANCE MODELLING

The need for pronunciation variance modelling arises from the shortcomings of the acoustic model. Adda-

Decker and Lamel (1999) prove that context dependent acoustic models reduce the requirement for pronuncia-
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tion variance modelling by performing forced alignment using both context dependent and independent acoustic
models and showing that the context independent models align with more pronunciation variants. Also, Holter
and Svendsen (1999) find that the need for pronunciation variance modelling decreases with the number of
Gaussian mixtures used in the acoustic models. But at the same time, Jurafsky et al. (2001) found that acoustic
models are quite adapt at modelling phone substitution and vowel reduction. Thus, because the ASR system
can model some variance by itself, it is important to train a system to its most optimal functionality before
attempting to optimise it further by making use of pronunciation variance modelling. Pronunciation variance
modelling background is important to pronunciation adaptation, because both techniques are attempting to
model the adaptation of phonemes.

Pronunciation variance can be modelled on any one of the three pronunciation modelling levels. The
pronunciation dictionary level, the acoustic modelling level and the language modelling level are described in

more detail below.

2.5.1 PRONUNCIATION DICTIONARY

In the pronunciation dictionary, additional pronunciations can simply be added to the existing dictionary. How-
ever, before a pronunciation dictionary is expanded a decision must be made with regard to the information
representation that will be implemented, as well as whether to model single or multiple pronunciations in a

pronunciation dictionary.

2.5.1.1 INFORMATION REPRESENTATION

Pronunciation variance implementation in the pronunciation dictionary can be implemented as one of two
methods, known as enumeration and formalisation (Strik and Cucchiarini, 1999).

Enumeration refers to adding specific pronunciation variants to specific words in the dictionary. The vari-
ants added to one word are completely independent of variants added to other words in the dictionary. Enu-
meration allows the pronunciations of all the words in the dictionary to be individual and unconnected to all
the other pronunciations. Enumeration is a useful method when one wants to retain pronunciation individuality
and is used in Goronzy et al. (2004).

Formalisms refer to adding variants in an organised and ordered manner. Usually the formalisms are in
the form of rules, which are applied to the whole pronunciation dictionary. Thus the formalisms applied to
one word in the pronunciation dictionary will be exactly the same as the formalisms applied to every other
word. Because formalisms are so uniform and consistent they are used in many studies including Kessens et al.
(2003), Tajchman et al. (1995), Finke and Waibel (1997) and Wester ef al. (1998).

Davel and Barnard (2006a) offer what can be seen as a compromise between the two methods. They define a
concept called pseudo-phonemes, which is used along with generation restriction rules to model pronunciation
variance in a pronunciation dictionary in a compact and consistent way. This concept makes use of the fact
that, when a word does have more than one pronunciation, its pronunciations only tend to differ by one or
two phonemes. Pseudo-phonemes incorporate the phonemes that differ in pronunciations, and store them,
like variables. Now, multiple pronunciations can be modelled as a single one in the pronunciation dictionary.
Also, generation restriction rules monitor that no extra pronunciations are generated when pseudo-phonemes
are decoded. Pseudo-phonemes can act as a formalism and always map to a specific set and can then be
standardised throughout the dictionary, or they can simply model the pronunciation variation that occurs in
individual words. It allows flexibility as well providing a way to monitor the consistency of a pronunciation
dictionary.

Using formalisms to implement pronunciation variance in a pronunciation dictionary is the most popular



CHAPTER TWO LITERATURE STUDY

method of information representation. This is so because of the consistency it allows one to have in a pronun-
ciation dictionary, which is important because it allows for the consistent training of acoustic models and thus
for a stable system that can be analysed in a structured manner.

Fosler-Lussier (1999) makes use of formalisms to implement dynamic pronunciation dictionaries, which
model pronunciations but also the probability of each additional pronunciation, partially merging the pronun-
ciation dictionary and the language model, in order to reduce the effects of the confusability introduced with

additional pronunciations.

2.5.1.2 MULTIPLE AND SINGLE PRONUNCIATIONS

Current literature is contradictory with regard to whether a multiple or a single pronunciation dictionary is most
effective, and if multiple pronunciations are used, how many pronunciations per word should be allowed. Too
many pronunciations per word cause confusion in the ASR system, and too few can limit the pronunciation
variance that an ASR system can neutralise. Each time a pronunciation is added to the ASR system, the
system becomes more confused between that pronunciation and others which resemble it. Another reason for
limiting the amount of pronunciation variance being modelled in a system is because there is not always enough
training data to train all the possible options adequately. Adda-Decker and Lamel (1999) find that it is desirable
for words of lower frequency of occurrence to have lower variant rates and those of high frequency to have
higher ones. This is simply due to the availability of data. If there are only so many examples of a specific
word, one should not confuse the system by labelling each example with a different pronunciation.

Hain (2005) investigates taking a pronunciation dictionary that is known to perform well but that has mul-
tiple pronunciations per word, and reducing it to a single pronunciation per word pronunciation dictionary that
achieves similar or better performance. This investigation is based on the assertion that consistency in phoneme
representation may be of higher importance than an improved representation of the training utterances. This
assertion is backed up by Saraclar et al. (1999), who say that an acoustic model trained on the most accurate
data fails to gain robustness and under-performs as a result.

In contrast to this finding, Wester et al. (1998) find that their multiple pronunciation dictionary outperforms
their single pronunciation dictionary. In fact Wester et al. (1998) conduct experiments with single and multiple
pronunciation dictionaries in both the training and test phases of a system, and find that the best performance
is achieved when a multiple pronunciation dictionary is used for both the training and the testing phases. Also,
Holter and Svendsen (1999) go as far as to experiment with the optimal number of pronunciations per word.
They find that the best results are achieved when using between 1.1 and 1.3 pronunciations per word.

Amdal and Fosler-Lussier (2003) contradict both the above findings. They perform an error analysis using
single and multiple pronunciation dictionaries. In contrast to the above findings they find the results of the two
to be similar, but say that the specific errors made when using the different dictionaries vary.

The studies on the optimal number of pronunciations per word in a pronunciation dictionary vary to such
an extent that it seems that the optimal method to follow is to vary the number of pronunciations per word
according to one’s own data until an optimal balance is achieved.

2.5.2 ACOUSTIC MODELLING

At the acoustic modelling level, varying pronunciations can be implemented by editing the structure of the
HMMs, or of the Gaussian mixture distributions inside them. Again, one has to be careful not to cause too

much overlap between models, or the benefit of this variance modelling will be reduced.
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2.5.3 LANGUAGE MODELLING

Language modelling allows one to compensate somewhat for the confusability introduced into the system
through the addition of pronunciation variants. Because it is designed to model how statistically likely the
occurrence of units of pronunciation is, it is able to predict the most likely pronunciation variant in different
contexts. The prediction of the language model can then be combined with the prediction of the acoustic model,

thus reducing the probability of the recognised unit being an error.

2.54 COMBINATION MODELLING

The implementation of pronunciation variance is rarely implemented on one level of modelling without imple-
mentation or participation on other levels. The pronunciation dictionary is the most fundamental pronunciation
modelling layer, influencing the other two layers intrinsically, and can therefore be seen as the primary layer

for pronunciation variance implementation.

2.5.5 MODELLING LIMITATIONS

Due to limitations that are imposed on pronunciation variance modelling, when an ASR system is set up with
the view of implementing variance modelling, it is usually limited to attempting to model only certain causes of
pronunciation variance. Therefore the ASR system usually remains vulnerable to pronunciation variance that
has different causes (Benzeghiba et al., 2007).

2.6 INFORMATION SOURCES FOR IDENTIFYING PRONUNCIATION
VARIANTS

Different information sources are available for the purposes of identifying varying pronunciations in speech
data. Varying pronunciations can be extracted directly from the speech data (data-driven) or one can rely on
expert analyses of pronunciation, which are usually based on multiple speech data sets (knowledge-based). The
methods are described in more detail below.

2.6.1 DATA-DRIVEN ANALYSIS METHODS

Data driven techniques can be used to identify varying pronunciations. The data-driven approach involves
extracting information directly from the speech signal. The acoustic signals are analysed to determine possible
pronunciations for a word or phoneme. An ASR system is trained to model acoustic data, therefore, when
a linguistic analysis of speech data is required, an ASR system can be used to extract information (Adda-
Decker and Lamel, 1999). The output of this approach is a list of pronunciation variants that occur in the
data. Specifically, a detailed error analysis can be used to identify possible phonemic variations (Strik and
Cucchiarini, 1999). However, because the outputs are so specific to a single data set, the data obtained from it
does not generalise well to other data sets.

The are many ways to manipulate acoustic data in such a way as to extract pronunciation information.
Outlined below are four techniques, namely, using phone recognisers, using word recognisers but editing word
pronunciations, recognising foreign data and analysing phoneme confusability.

2.6.1.1 PHONE RECOGNISERS

Phone recognisers are sometimes used to find variant pronunciations from data. The same set of speech data is

transcribed in two different ways. Firstly, the data is transcribed with words. The transcriptions are converted

10



CHAPTER TWO LITERATURE STUDY

to phone transcriptions using a pronunciation dictionary, which usually contains the canonical pronunciations.
Secondly, a phone recogniser is trained and is used to transcribe the speech data. Because the recognition is not
limited by the pronunciation dictionary, the phonemes are recognised according to the speech data only. The
two different types of transcriptions are compared and variant pronunciations are generated where the phone
recogniser differs from the pronunciation dictionary based recogniser. This means that the sounds that are
assumed to appear in a word if it were pronounced as predicted by the pronunciation dictionary are compared
to the perceived unrestricted pronunciation of the word. Ravishankar and Eskenazi (1997) and Livescu and
Glass (2000) make use of a phone recogniser for pronunciation variant suggestion with promising results.
However, phone recognisers are not often very reliable. Their accuracy tends to be low: 50% - 70%,
which means that 30% to 50% of their results are unreliable (De Mori, 1998). This means that the variant
pronunciations obtained using phone recognisers can not only be slightly incorrect, but because of the low
accuracy, the alignment of the two data streams can be affected and variant pronunciations can be generated for

non-corresponding words and can themselves be incorrect.

2.6.1.2 WORD RECOGNISERS

Some studies have researched ways to overcome the low accuracy of phone recognisers, usually involving
limiting what phonemes can be recognised by using word pronunciations. Kessens et al. (2003) use a word
recogniser, but edit the word pronunciations, thereby still generating variants but at the same time allowing
the variants to be better suited to the data. They investigate phoneme deletions by allowing all phonemes in
the canonical pronunciation to be optional. Forced alignment is then used to find actual variant candidates.
A similar study is done by Adda-Decker and Lamel (1999) but is slightly more detailed. They investigate
phonemic deletions by taking a canonical pronunciation and allowing either all vowels or all consonants to be
optional for the variant pronunciations. They also investigate substitutions by defining classes of phonemes
(subsets of vowels and consonants that are linguistically similar) and allowing any one phoneme in the class to
be substitutable for any other phoneme in that class. Limiting pronunciation recognition does seem to increase

the accuracy of found pronunciation variants, and is thus a viable alternative to using phone recognisers.

2.6.1.3 FOREIGN DATA

The recognition of foreign data involves implementing a canonical pronunciation dictionary in an ASR system,
training that ASR system on a set of speech data of a certain language/dialect, and then deliberately testing it
on selected varying speech data in order to gain insight into the relationship between the data used to train and
test the ASR system. Goronzy et al. (2004) use just such an approach, training an English phone recogniser
and using it to generate English pronunciations for German words. Again this yields two sets of comparable
transcriptions from which possible phoneme variations can be derived. The manipulation of data, be it the
pronunciation dictionary or the speech data itself, is not the only method of finding varying pronunciations. In
fact, pronunciation variants can be found without manipulating the ASR system at all, but through the analysis

of the existing system, as discussed in the next section.

2.6.1.4 PHONEME CONFUSABILITY

Phoneme confusability analysis involves analysing an existing system and determining what pronunciation
variance modelling is necessary. Although Sloboda and Waibel (1996) only look into adapting a system to
recognise spontaneous speech, the variance that exists between non-spontaneous and spontaneous speech can
be equated to variants of a language. Their study focuses on the analysis of a phoneme confusion matrix of a

full system. Frequent misrecognitions are analysed and tuples are put together for modelling in the dictionary.

11
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When making use of data-driven techniques one must be careful to filter the possible variants in order not
to over specialise the system to the test set and the characteristics of the ASR system (Kessens et al., 2003).
Usually, as the techniques are not always very accurate, data-driven techniques are complemented by filtering

techniques, which are able to ascertain the applicability of the results to a set of data, and filter them accordingly.

2.6.2 DATA-DRIVEN FILTERING TECHNIQUES

Typically data-driven filtering techniques are used to make data-driven analysis techniques more effective,
but these techniques can also be used with knowledge-based information sources to find possible variants.
The possible variants are filtered according to the acoustic data so that only the most applicable variants are
used. The techniques that are most often implemented are frequency counters, acoustic likelihood analysis and

classifiers.

2.6.2.1 FREQUENCY COUNTERS

Frequency counters provide a very direct way of evaluating the variant options that are generated from the data.
Adda-Decker and Lamel (1999) study the evaluation of acoustic models using forced alignment. They use
frequency counters to evaluate the quality of variant suggestions directly. The forced alignment allows them
to measure two things, namely, variant practicality and variant requirement. The number of times a variant
pronunciation is selected in total measures its practicality. But the number of times it is selected for a specific
word, when normalised by that word’s frequency, measures the variant’s requirement. Forced alignment can
be used iteratively, until a dictionary that is accurate enough has been developed, as is done by Wester et al.
(1998). In fact forced alignment is quite a popular method, it is also implemented by Tajchman et al. (1995)
and Ravishankar and Eskenazi (1997). However, frequency counters are not only useful for enumeration based
variant implementation.

For formalisation based variant implementation techniques the frequency counters can be used in many
ways to evaluate the practicality of formalisms. Kessens et al. (2003) use plain frequency counters to evaluate
their lexical adaptation rules to achieve an improvement. They make use of two counters, the first frequency
counter checks how often the conditions for the application of the rule occur, and the second counter checks
how often the rule is actually selected for application. They then calculate a ratio between the second and first
counters, and together, these three variables (two counters and the ratio between them) measure the requirement

for the adaptation rule in the system.

2.6.3 ACOUSTIC LIKELIHOOD ANALYSIS

Acoustic likelihood analysis measures the match between an acoustic model and the data that it is trying to
represent. They make use of frequency measures to assert a boundary, which can then be used to measure the
quality of a measurement. Badenhorst and Davel (2007) make use of a confidence interval per phoneme that
is concerned with the standard deviation of a number of measurements in order to measure the quality of a
phonemic model. Williams and Renals (1998) investigate using confidence measures for evaluating the quality
of a variant suggestion directly. They make use of acoustic confidence intervals (which measure how well an
acoustic model matches acoustic data), to assert a boundary, which can then be used to measure the quality of a
measurement. In their experiment, the data used for the construction of acoustic models was altered by editing
the baseforms (pronunciation dictionary entries) that the acoustic models make use of for training. Then the
conformity between the newly trained acoustic model and the acoustic data was measured to check if it was

better than before.
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2.6.3.1 CLASSIFIERS

Learning algorithms and classifiers can also be trained to filter generated variants. Goronzy et al. (2004) make
use of decision trees for this purpose. A number of decision trees are trained with variant pronunciations
iteratively, with each tree attempting to fix the mistakes the previous tree made. The trees can then intelligently
select variants to implement in a canonical pronunciation dictionary and can thus boost the accuracy of the
system much more than when simply applying all the variants.

Fukada and Sagisaka (1997) make use of a neural network for the suggestion of possible pronunciation
variances. They implement a phoneme recogniser as described in Section 2.6.1 and use the results to train a
neural network, which then predicts alternative pronunciations for a canonical pronunciation dictionary.

Filtering techniques are beneficial for the selection of optimal pronunciation variants for inclusion in a
pronunciation dictionary for an ASR system. However, the complexity required for their selection should be

measured against the benefit that they are able to provide.

2.64 KNOWLEDGE BASED INFORMATION SOURCES

The knowledge-based approach to gaining linguistic information about a language or a dialect of a language
involves linguistic experts analysing different sets of data and attempting to generalise possible sources of
variance. The formalisms that are uncovered by the experts are usually quite inclusive and can thus be applied
to many varying data sets. However, a limited amount of such formalisms exist and the formalisms that do exist
are not always directly applicable to a specific data set.

One example of such an implementation is done by Oshika et al. (1975), who develop one formalism set for
natural continuous American English. The formalisms identified in this study are supported by spectrographic
evidence. These formalisms can be used to manipulate a pronunciation dictionary in order to make an ASR

system better able to recognise natural continuous American English.

2.7 PRONUNCIATION DICTIONARY VERIFICATION

Strik and Cucchiarini (1999) warn that when constructing an ASR system to be used as a baseline when re-
searching improvement techniques, one must keep in mind that the data used to build the system may contain
errors. If these errors are not corrected in the baseline system but are found and corrected in the process of us-
ing the system for research, the results from the improvement technique may be overestimated. It is important
to validate the baseline system prior to further experimentation, in order to be confident that the method that
has been developed for the purpose of improving an ASR system is causing, at the very least, the majority of
the improvement observed. This is of specific importance when analysing techniques that are very sensitive to
dictionary errors, such as pronunciation variance modelling.

Because pronunciation dictionaries are often compiled from many sources and because automatic means of
dictionary extension are sometimes used, the entries in the dictionary can become flawed. In large dictionaries,
although a high percentage of the entries are correct, the incorrect entries can detrimentally influence a speech
technology system that is developed using the dictionary. If one would like to implement the dictionary to its
full potential, the removal of the erroneous entries is required.

Pronunciation dictionary verification can be performed either manually or automatically, depending on the
resources available and the outcome required. Manual verification is considered the most accurate method of
performing verification on a pronunciation dictionary. However, the effort required is very high and if errors
occur, because they are human errors, they are unpredictable. Automatic verification is very efficient and the

errors made are more predictable, however, the accuracy tends to be less accurate. Thus a semi automatic
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approach is often followed to compensate for the downfalls of both methods.

Damper et al. (1997) perform dictionary verification but do so by hand and do not follow a specific strat-
egy. Davel and Barnard (2006b), however, describe a semi automatic approach to dictionary verification that
reduced the human effort required for the process. They make use of the Default&Refine algorithm, which
is an algorithm that extracts grapheme to phoneme relationships. One of the outputs of this algorithm is that
it recognises when a grapheme is mapped to a phoneme that it is not regularly mapped to. This allows it to
generate a list of words with exceptional pronunciations. These words are more likely to have erroneous pro-
nunciations than the other words in the dictionary. Thus the human effort required to validate the dictionary is
reduced from analysing all words to only the words with exceptional pronunciations.

Once dictionary verification is performed, the dictionary can be used in experiments seeking to improve the

performance of an ASR system through manipulation of the dictionary, yielding more reliable results.

2.8 SUMMARY

This chapter provided background on the process of dictionary adaptation, focusing on techniques that are used
to identify and analyse pronunciation variants. The main points of the chapter are highlighted below.

SSAE is a recognised dialect of English and exhibits systematic differences when compared to British and
American English, the two main dialects of English in which electronic ASR resources exist.

Before attempting to adapt a pronunciation dictionary to a different dialect, that dictionary needs to be
verified and all errors found must be fixed. Intuitive techniques and pattern recognition can be implemented to
perform rudimentary verification tests on the pronunciation dictionary.

It is important to model pronunciation variation in an ASR system. The more severe the variation is, the
more detrimental it is to system performance, and the more important it is to model it explicitly in order to
improve the system performance. Non-native speech in particular has a very detrimental effect on a system’s
performance.

In order to analyse the variance in acoustic data, knowledge-based and data-driven techniques can be im-
plemented. Because the methods are so complementary in implementation (data-driven being so specific to a
data set, knowledge-based being so general) the best way to analyse data is to implement them cooperatively.
Data-driven analysis methods can be implemented to extract information from the acoustic data. (Word recog-
nition with manipulated pronunciations exploits the higher accuracy achieved with word models but keeps the
freedom of phoneme selection). This approach can be combined with knowledge-based information sources to
remove pronunciations that are extremely unsuitable. Data-driven filtering techniques complement the above
methods and can be used to optimise a resulting set of variants. The variant set that is implemented in the ASR
system is be described using a formalism. This way phonemic variations can be analysed instead of individual
word pronunciation variations.

Once variants are implemented in an ASR system, the ASR system can be analysed using both its confusion
matrix and an error analysis to ascertain the changes made to the system through the implementation of the
variants. The number of variants per word can be experimented with at this point, as well as the order of the

variants. This optimised system can then be analysed for further improvements.
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CHAPTER THREE

DICTIONARY VERIFICATION

3.1 INTRODUCTION

In order to implement optimal and reliable ASR experiments, a reliable pronunciation dictionary is required.
Pronunciation dictionaries can contain errors, but verification can be implemented to find these errors, and
either eliminate or correct them. However, because pronunciation dictionaries can become quite cumbersome,
human verification can become very resource intensive, and thus automatic or semi-automatic verification can
be very beneficial.

This experiment focuses on the implementation of mechanisms to filter a pronunciation dictionary that
require limited human intervention. Section 3.2 provides background on the topic of dictionary verification, as
well as some of the techniques implemented in this chapter. Section 3.3 describes the techniques used in the
analysis of the dictionary. Section 3.4 provides a description of the dictionary selected for this study as well
as an outline of the process followed in the different parts of the experiment. Section 3.5 describes each of the
filtering techniques implemented, how many entries are filtered out using each technique and provides samples
of entries that are filtered out using each technique. Section 4.4 describes the ASR system that is used for the
purposes of gauging the improvement that the filtering provides. Finally, Section 3.7 summarises the findings

and highlights key deductions.

3.2 DICTIONARY VERIFICATION TECHNIQUES BACKGROUND

Our dictionary analysis approach builds on published techniques related to (1) grapheme to phoneme (G2P)

alignment, (2) grapheme to phoneme rule extraction and (3) pronunciation variant modelling.

3.21 GRAPHEME TO PHONEME ALIGNMENT

Many grapheme to phoneme rule extraction algorithms first require that grapheme to phoneme alignment is
performed. Each word in the training dictionary is aligned with its pronunciation on a per-grapheme basis, as
illustrated in Table 3.1 where ¢ indicates a null (or empty) grapheme or phoneme. The 44-phoneme BEEP
ARPABET set is used (Appendix A). The alignment process involves the insertion of graphemic and phonemic

nulls into each of the dictionary’s entries of words. A graphemic null is inserted when more than a single
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phoneme is required to pronounce a single grapheme. A phonemic null is inserted when a single phoneme is

realised from more than one grapheme.

Table 3.1: Grapheme to phoneme alignment example

ROSE — /ROWZa/
ROWS — /ROW¢Z/
ROOT — /RUHGT/
MAX¢ — /MAEKS/

Viterbi alignment (Viterbi, 1967) is typically used to obtain these mappings, where the alignment algorithm
makes use of the probability of each grapheme being mapped to a particular phoneme. The alignment technique

described in more detail in Davel and Barnard (2004b) is implemented in this experiment:

o Initial probabilities are calculated by selecting the entries in a dictionary that have the same phonemic

and orthographic lengths.
e Once these probabilities are calculated, iterative forced Viterbi alignment is performed on the dictionary.

e Graphemic null generator pairs are extracted to be able to insert graphemic nulls while predicting un-

known words.
e The probability of any grapheme being aligned to a null phoneme is conditioned on the prior phoneme.

e Phonemic nulls are consistently used to indicate that the prior phoneme is realised by more than one

grapheme.

3.2.2 GRAPHEME TO PHONEME RULE EXTRACTION

Various automatic rule extraction techniques exist, including decision trees (Black ef al., 1998), pronunciation-
by-analogy models (Marchard and Damper, 2000), Dynamically Expanding Context (DEC) (Torkkola, 1993)
and IB1-IG, a k-nearest neighbour classifier (Daelemans et al., 1999). As these techniques attempt to generalise
from learning instances they can be used to identify exceptional instances which may possibly be errors.

In this analysis the Default&Refine algorithm is utilised for the extraction of grapheme to phoneme rules
(Davel and Barnard, 2004a, 2008). This algorithm makes use of two observations: Graphemes are usually
realised as one phoneme more often than all the others, and that graphemes have different realisations as
phonemes based on their context in a word. The algorithm extracts grapheme-to-phoneme (G2P) rules for each
grapheme independently. The following process is applied: all the realisations of a grapheme are considered
and the rule that correctly predicts most of the realisations is selected as the default rule. After this, the rule
containing the smallest possible context that correctly predicts most of the left over occurrences of a grapheme
is selected. This process is applied iteratively until all realisations of a grapheme are correctly predicted. During
prediction, a grapheme’s context is tested against rules, starting from the rule with the largest context, until a
match is found. The final rule, the default one, does not specify a specific context and therefore matches every
context in which the grapheme can occur.

3.2.3 VARIANT MODELLING

Most of the G2P rule extraction mechanisms mentioned above can only train on words having single pronuncia-
tions (rather than more than one pronunciation for a single word). Pseudo-phonemes and generation restriction

rules have been developed as a way to model varying pronunciations of words as a single pronunciation (Davel
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and Barnard, 2006a). Pseudo-phonemes are used to represent two or more phonemes which can appear in a
certain place in the pronunciation of a word. When two or more pseudo-phonemes appear in a word, genera-
tion restriction rules are applied to limit the combinations of phonemes that can be generated from the set of
pseudo-phonemes. This ensures that if the pseudo-phonemes are removed again, nothing will have been added

or removed from the original dictionary.

3.3 APPROACH

There are two ways in which a dictionary can be verified: direct observation and indirect analysis. Direct
observation of a dictionary is the analysis of a dictionary through direct observation of its context. The tech-
niques include comparing the lengths of the orthographic and phonemic representations, looking at different
words that have duplicate pronunciations and the examination of the dictionary for distinguishable errors in
both the orthographic and the phonemic transcriptions. Indirect analysis requires the implementation of tech-
niques to transform the dictionary into different formats, each of which allows different errors to become more
distinguishable. Indirect analysis techniques include the alignment of the dictionary, extraction of grapheme to
phoneme rules and the implementation of pseudo-phonemes along with generation restriction rules.

In this section, a number of novel methods are described and implemented in order to isolate the incorrect
entries in a dictionary. Each general method is explained below along with the ways in which it is applied in

order to implement verification of the dictionary.

3.3.1 WRITTEN WORD AND PRONUNCIATION LENGTH RELATIONSHIPS

The relationship between a word’s orthographic and phonemic representation can be an indicator of whether a
word’s spelling and pronunciation are consistent. The extraction of words whose orthographic and phonemic
transcriptions differ above a certain threshold can allow one to obtain a manageable list of possible erroneous

entries from a dictionary.

3.3.2 ALIGNMENT ANALYSIS

The alignment of a word to its pronunciation gives one further insight into the length relationship of a word and
its pronunciation, and in addition identifies words which do not match their pronunciation. During alignment,
graphemic and phonemic nulls are inserted in order to align every grapheme to a phoneme. Potential errors
can be flagged at this stage through the analysis of the placement and the number of nulls inserted into both the

orthographic and phonemic representations of a word.

3.3.3 GRAPHEME TO PHONEME RULES

Grapheme to phoneme (G2P) rules are extracted for one grapheme at a time and are sorted such that the
number of occurrences that gave rise to any one of the rules is easily obtainable. By inspecting the rules that

are generated by the smallest number of occurrences, one can gain insight into potentially incorrect entries.

3.3.4 DUPLICATE PRONUNCIATIONS

Words that have the same pronunciation as other words usually have similar orthographic length. For example,
the words CAUSE, CAWS, CORES and CORPS all have the same pronunciation and their spelling consists of
four to five letters. One way to isolate problematic entries is to search for words that have the same pronuncia-

tion and to compare their orthographic lengths.
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3.3.5 VARIANT ANALYSIS

The generation restriction rules that accompany words which contain more than one pseudo-phoneme can allow
one to flag possibly incorrect entries in the dictionary. This is done by analysing the generation restriction rules
themselves. When pronunciation variants do occur in a dictionary, they usually differ from each other by one or
two sounds. If restriction rules are being generated for more than three sounds, it can mean one of three things:
(1) The entries are correct and the word truly does allow for vastly different pronunciations, (2) the alignment
of the word has not aligned graphemes to the correct phonemes, or (3) that at least some of the variants are
incorrect. Once a list of generation restriction rules is obtained, the list of multiple pseudo-phonemes occurring

in words is short enough to be evaluated manually.

3.4 EXPERIMENTAL SETUP

34.1 DICTIONARY

The BEEP dictionary (Robinson, 1996) is selected for this study. It is a freely available online English pronun-
ciation dictionary that is comparable with other available online dictionaries with regard to its size and content
(Damper et al., 1997). It is compiled through the amalgamation of several public domain dictionaries and has
not undergone a strict quality control process. However, because it is widely used internationally, especially in
pronunciation prediction research (Damper et al., 1997; Davel and Barnard, 2004a), the dictionary is expected

to be fairly error-free.

3.4.2 PROCESS
A series of steps are followed for the verification of the BEEP dictionary:

1. Pre-processing is implemented where correct entries that make further analysis difficult are temporarily

removed.
2. Systematic errors identified during an initial alignment run and dictionary analysis are removed.
3. The spelling of the words in the dictionary is evaluated and a list obtained of allegedly misspelled entries.

4. A list of pronunciations that are longer than their orthographic partners is generated. Words which
simply need graphemic nulls are systematically removed from the list. The remainder of the list is

removed from the dictionary.

5. The list of graphemic nulls is examined and graphemic nulls giving rise to errors are identified. The
words containing these graphemic nulls are automatically checked and removed from the dictionary if

wrong.

6. A list of spellings that are longer than their pronunciations is generated. The list is evaluated and manu-

ally selected entries are removed from the dictionary.

7. Alist of words that have duplicate pronunciations but where the orthographic length of the words differs
is generated. The list is evaluated manually and entries that are found to be erroneous are removed from

the dictionary.

8. The new dictionary is again aligned. During alignment, problematic words are found and removed from
the dictionary. A list of entries containing a large number of consecutive phonemic nulls is generated,

this list is evaluated manually and selected words are removed from the dictionary.
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9. G2P rule extraction is performed on the dictionary. The rules that predict the phonemic representation
of a grapheme from a single word are used to create a list of possible erroneous entries in the dictionary.

This list is evaluated manually and entries found to be wrong are removed.

10. Pseudo-phonemes are implemented in the dictionary and generation restriction rules are generated. The
list of generation restriction rules is searched for strings of pseudo-phonemes occurring in words. These

words are evaluated manually for errors and removed from the dictionary if errors are found.

3.5 DICTIONARY ANALYSIS RESULTS

The summary of how many entries are removed by each dictionary verification technique can be found in Table
3.2. The table also indicates whether a verification is automated (requiring no human intervention) or semi-
automated (requiring validation of the list of possible errors by a human). Where validation is required, the
size of the list requiring validation is also reported.

The separate counts of each of the occurrences removed can be found in Table 3.3. The column ‘Verifi-
cation applied’ describes the technique that was applied to verify the pronunciation dictionary. The column
“Verification type’ describes the automation of the verification technique applied. The column ‘# of possible
errors’ shows the number of errors identified by each technique automatically, and the column ‘# removed’
shows the number of entries that were manually identified as incorrect from the automatically generated list.
The column ‘% possible errors verified’ gives the percentage of the automatically generated possible errors
that were verified as incorrect. Finally, the column ‘# remaining’ shows the number of entries remaining in the

dictionary after the removal of the erroneous entries.

3.5.1 PRE-PROCESSING

For pre-processing, unusual pronunciation patterns are removed. These are removed temporarily, as the entries
are not erroneous, but make dictionary analysis difficult. Unusual punctuation removal involved the removal of
punctuation which does not occur in general English writing. This process also removed many acronyms from
the dictionary. Examples of removed words are: VICU ~ NA, W._R._A._C., and ;PAUSE,. A sample of 100

entries from those removed can be found in Table B.1 in Appendix B.

Table 3.2: Results of each step involved in the verification process

Verification applied Verification type | # possible errors | # removed | % possible errors verified | # remaining
None N/A 0 0 0% 257 059
Punctuation Removed Automated 576 576 100% 256 483
Repeated Phonemes Automated 4730 4730 100% 251753
Lengthened Pronunciations Semi-automated 1284 253 19.7% 251 500
Incorrect Graphemic Nulls Semi-automated 362 189 52.2% 251311
Lengthened Spelling Semi-automated 209 69 33% 251242
Duplicate Pronunciations Semi-automated ~ 305 80 ~ 26.22% 251 162
Alignment Errors Semi-automated 9 9 100% 251153
Consecutive Phonemic Nulls | Semi-automated 42 33 78.57 % 251120
Singular G2P Rules Semi-automated 1450 89 6.14% 251031
Generation Restriction Semi-automated ~ 90 50 =~ 55.56% 250981
Punctuation Replaced Automated -576 -576 100% 251 557

Total 9 057 5502 60.75 % 251 557
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3.5.2 REMOVAL OF SYSTEMATIC ERRORS

Through inspecting the result of an initial alignment of the dictionary, a list of systematic errors is compiled,
which in this case contains repeated phonemes. It is found that in words where a letter is repeated, the phonemic
representation of the letter is usually repeated as well, even where such repetition does not occur. 5 711
instances were originally identified, but minor inspection revealed that some repeated phonemes were legitimate
(such as the transcription for ACCOMPANYING being /AX K AH M P AX N IH IH NG /), and those entries
are left in the dictionary. In total 4 730 entries are removed from the dictionary. A sample of 100 entries from

those removed can be found in Table B.2 in Appendix B. Examples of removed entries are:

e ADMITTER, which is transcribed as/AX DM IHT T ER /,

CHIPPIE, which is transcribed as/CH IH P P AY /,

INPUTTED, which is transcribed as/IHN P UHTTEH D /,

SCAMMED, which is transcribed as /S KAE M M EH D /, and

HORSESHOE, which is transcribed as / HH OH SH SH UH /.

Table 3.3: Number of entries removed from the dictionary due to repeated phonemes

Repeated Phoneme | Number Removed

AX AX 959
TT 942
NN 586
LL 479
PP 391
DD 275
SS 246
MM 199
KK 182
RR 178
BB 156
GG 56
EYEY 23
FF 14
IYIY 11
SH SH 9
CH CH 8
AA AA 7
ow OW 6
Z7Z 3

3.5.3 SPELLING VERIFICATION

In an attempt to verify the spelling used for words in the dictionary, a wordlist is extracted and the spelling
checked automatically. However, the list of incorrect spelling contains over 146 000 words, and after a general
manual inspection is found to be invalid and discarded. Checking the spelling of the BEEP dictionary may
be beneficial, however, the program that would perform the checking would require a more comprehensive

coverage of all English words.
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3.54 LENGTHENED PRONUNCIATIONS

One of the methods that can be used to isolate errors in the dictionary is to verify those entries for which
the phonemic representation of the word is longer than the orthographic representation. In order to make
this method function correctly, the list output has to be refined by identifying where graphemic nulls should
be inserted and taking this into account. This function yielded a list of 1 284 entries. The list is found to
contain many proper noun entries, some of whose pronunciations are suspicious but could not be categorised
as incorrect. The list is manually filtered down to 253 entries that are removed form the lexicon. A sample of

100 entries from those removed can be found in Table B.3 in Appendix B. Examples of entries removed are:
e The word APRICATION, with the pronunciation/EY PRIH VAERIH K EY SHN/,

o the word EFFECTIVITY, with the pronunciation//[H FEH KTAXBIHLIHTIY/,

the word DECONGESTING, with the pronunciation/D I[H KOHN SIH KR EY T IH NG /,

the word OVERCONCERNED, with the pronunciation/OW VAX K OHNFIHDAXNSERND /,

the word RECIPROCATORY, with the pronunciation/RIHSIHP RAXV OH KAXTAXRIH /,

3.5.5 GRAPHEMIC NULL ANALYSIS

The graphemic nulls identified in Section 3.5.4 are investigated further. The list consists of sequences including
the letter ‘X’ always needing a graphemic null, the letter ‘U’ needing a graphemic null in certain situations (such
as the word ACUTE having the pronunciation/AX K Y UW T/) and the letters ‘SM’ needing a graphemic nulls
between them in certain situations (such as the word ADVENTURISM having the pronunciation /AX D V EH
NCHAXRIHZAXMY/).

However, the graphemic nulls that are in the list are not always applicable, and with manual verification the
phonemes / UW AX / are found to be invalid in situations where a word contains the letter sequence ‘ower’.
(An example of valid use of the phonemes being the word BESTOWER with the pronunciation /B IH S T OW
AX R /.) Once identified, the entries whose pronunciations contains the phonemic sequence are output to a file.
This list contains 362 entries, but is manually filtered to 189. A sample of 100 entries from those removed can
be found in Table B.4 in Appendix B. Examples of the removed entries are:

e The word DELEGATOR, with the pronunciation /D EH L IH G AA T OW AX /, and

o the word VENTOR having the pronunciation/V EH N T OW AX/

3.5.6 LENGTHENED SPELLING

Next, the dictionary is analysed to isolate the orthographic representations of words that are more than a selected
threshold longer than their phonemic representations. A threshold of four yields a list of 1 366 words, which
is judged to contain too many correct entries. A threshold of six yields a list that is too short. Therefore,
orthographic representations that are a threshold of at least five characters longer than their pronunciation are
flagged as possibly erroneous. A list of 209 entries is extracted, which is analysed manually and filtered down
to a list of 69 that is removed from the dictionary. The entries removed can be found in Table B.5 in Appendix
B. Examples of the words removed form the dictionary are:

e The word PRESENTIMENTAL, with the pronunciation/PRIHZENT L/,

o the word SEMITRANSPARENT, with the pronunciation/S EHMIHTRAXN T/,
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o the word CHANCELLORSHIPS, with the pronunciation/ CH AAN SAXSHIHP S/,
e the word UNPROSPEROUSLY, with the pronunciation/AH N P RAX S L 1Y/, and

o the word PRIVATIZATIONS, with the pronunciation/P RAY VEYSHN Z/.

3.5.7 DUPLICATE PRONUNCIATIONS

This test is implemented using the intuitive principle that words that are pronounced the same should have a
similar orthographic length. The dictionary is investigated, specifically looking for words that had the same
phonemic representation but orthographic representations varying in length according to a threshold. The al-
gorithm that is implemented calculates the mean length of all the orthographic representations and then works
out by how much the length of each of the orthographic representations differs from the mean. The threshold
for this value is iteratively tested, and the most applicable value is found to be 1.5. A value of two yields too
little output, and a value of one yields too many entries in the output. The list of duplicated pronunciations
contains 305 sets of words. A set of words would contain between two and four words with identical pronun-
ciations. This list is manually analysed and a list of 95 erroneous entries is extracted that are removed from the
dictionary. The entries removed can be found in Table B.6 in Appendix B. Examples of words that contained

pronunciations for other words are:
e The word NONRESPONDENT, with the pronunciation/N OHNREHZIHD AXNT/,

o the word DISTINGUISED, with the pronunciation/D IH S GAY Z D /,

the word SOCRATISTIC, with the pronunciation/SAX KRAETIH K/,

the word NARCISSISTIC, with the pronunciation/NAA SIH S T IH K /, and

the word UNSUPPLEMENTED, with the pronunciation /AHN SAXPLAANTIHD /.

3.5.8 ALIGNMENT

Alignment calculates the probabilities of graphemes being realised as certain phonemes, and aligns them ac-
cordingly. It can thus be a strong source of information in the search for incorrect entries in the dictionary. For
the purpose of flagging incorrect entries, two methods are attempted: listing entries with a high total number
of nulls and listing entries with a high number of consecutive nulls.

Listing entries with a high number of total nulls is implemented using different thresholds of how many
nulls an entry needs to contain in order to be added to the list. Setting the threshold to four nulls yields a list
of over 10 000 entries, a sample of which is verified as mostly correct content. The threshold then is steadily
increased to 7 nulls. This yields a list of 82 entries, however, after verification this list is discarded. The list
contains incorrect words, however, these words are already listed as incorrect in Section 3.5.6 or listed in the
successive nulls list, thus no improvement can be achieved through its implementation.

Listing the entries with a high number of successive nulls provides one insight into where the alignment
algorithm had experienced difficulty in aligning a grapheme to the correct phoneme. However, if the number
of succesive nulls is larger than the threshold used in Section 3.5.6, the results are redundant as they have
been verified. The best threshold for the number of successive nulls is investigated to yield a list of possibly
erroneous entries that is short enough for manual verification. Initially set to three nulls, a list of over 3
000 entries is generated. Through verification this list is found to contain too many correct entries and thus
discarded. The only other threshold that is lower than the threshold in Section 3.5.6 is four. The threshold is

thus set to four successive nulls, and a list of 42 entries is generated, and filtered down to 33 entries through
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manual verification. This analysis method is thus found to be very efficient. The list of incorrect entries is then
removed from the dictionary. The entries removed can be found in Table B.7 in Appendix B. Examples of the

removed entries are:

o the word ANTISEPTICISM being aligned to the pronunciation /AENTIHS ¢ ¢ ¢ ¢ IHZAZ M /,

the word CAPITIVITY being aligned to the pronunciation/ KAEPIHT ¢ ¢ ¢ ¢ 1Y/,

the word COMPROMITMENT being aligned to the pronunciation/ K OHM ¢ ¢ p pIHTMAXN T/,

the word UNALLEVIATED being aligned to the pronunciation /AH NAXL ¢ ¢ ¢ ¢ OHTIH D/, and

the word STOMATOMY being aligned to the pronunciation /ST ¢ ¢ ¢ ¢ AX M IY /.

3.5.9 GRAPHEME TO PHONEME RULES

The G2P rules are implemented using the Default&Refine algorithm. This algorithm allows one to see the
number of instances of a grapheme from which each single rule is extracted. By selecting rules that are extracted
from single instances, entries with anomalous pronunciations can be isolated. Rules are extracted from the
BEEP dictionary, and rules that are extracted from single instances of a grapheme are extracted. These rules
are used to find the instances which gave rise to them. The last 50 rules for each grapheme are analysed, where
the set of graphemes included three punctuation marks. This yielded a list of 1450 entries. This list is verified
manually and finally, a list of 89 entries is removed from the dictionary. The entries removed can be found in
Table B.8 in Appendix B. Examples of entries found are:

e the word HYDROPOLITICS, with the pronunciation/HAY D RAXPOHNIHK S/,

the word UNPRECIPITATED, with the pronunciation/AHNPREHSIHD EHNTIHD/,

the word DISCREPANCE, with the pronunciation/D IHSTERBAXN S/,

the word INCONQUERABLE, with the pronunciation/IHN KAXN SIY LAX B L/, and

the word TROUBLESHOOTED, with the pronunciation/TRAHBLZHH UWTIHD /.

3.5.10 PSEUDO-PHONEMES

Pseudo-phonemes are used to implement pronunciation variants in systems that do not allow for variants. The
generation restriction rules that are used along with pseudo-phonemes give insight to the relationships between
the pronunciation variants of a word. Variants that require more than three pseudo-phonemes are investigated
with the expectation that one or more of the variant pronunciations would be incorrect. There are 90 sets of
restrictions containing more than three pseudo-phonemes. A list of 50 entries is extracted from these restrictions
manually and removed from the dictionary. The list of incorrect entries is then removed from the dictionary.

The entries removed can be found in Table B.9 in Appendix B. Examples of the removed entries are:
e The word INAPPRECIABLE, with the pronunciation /I[H NAXPROWPRIA T/,

o the word UNATTACHED, with the pronunciation/AH NAXTEH N D IHD /,

the word COMPUNCTION, with the pronunciation/K OHM PYUHTEY SHN/,

the word LIEUTENANCIES, with the pronunciation/L EH FTEHNAXN S IH Z/, and

the word IRREMOVABLE, with the pronunciation//HR EH PAX RAXBL/.
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This method is found to have the most accurate prediction of incorrect entries due to its manual verification
percentage being 55.56%.

3.6 EFFECTIVENESS OF ERROR ANALYSIS

Error analysis is performed in order to determine the effectiveness of implementing the above techniques on the
BEEP dictionary. 200 entries are randomly selected from the final and initial dictionaries and analysed indepen-
dently by two researchers. The goal of the exercise is to obtain an estimate of the number of incorrect entries in
both, however, it is not always possible to conclusively categorise entries as either correct or not. Some esoteric
words are not known to the dictionary verifiers and are not included in any word list consulted. Proper nouns
included in the dictionary are exceedingly difficult to evaluate because some seemingly incorrect proper nouns
may actually be correct. Thus the category of incorrect is expanded to three categories: Conclusive, Proper
noun and Questionable.

For the unfiltered BEEP dictionary, 32 entries are selected as being erroneous. The Conclusive category
contains 14 entries, including the word BUMPTY with the pronunciation /B AH M P IY T IY W AY /. The
Proper noun category contains 10 entries, including the word BUZZY’S, with the pronunciation BAH Z W AY
Z. The Questionable category contains 7 words, including the word CHADLIN, with the pronunciation / CH
AE D LIN/. In total 16% of the initial dictionary is found to be incorrect.

For the filtered dictionary, 19 entries are selected as being erroneous. The Conclusive category contains 5
entries, including the word TOURNANT’S having the pronunciation /T AO N AX M AX N T S /. The Proper
noun category contains 7 entries, including the word MESSA’S, having the pronunciation/M EH S EY Z/. The
Questionable category contains 6 words, including the word RESCURE, having the pronunciation /R EH S K
Y UA /. In total, 9.5% of the filtered dictionary is found to be incorrect.

These results imply that approximately 60 % of conclusive errors were removed during a process in which 9
057 words were manually verified (Out of a possible 257 059 words) and 5 502 entries removed. These results

indicate a significantly more efficient process than was initially anticipated.

3.7 RESULTS SUMMARY

This chapter focused on identifying algorithms to cater for semi-automated dictionary verification. Several
novel methods were implemented and their effectiveness analysed. The techniques that identified the most

€ITors are:

e Searching for repeated phonemes and removing entries whose pronunciations contain incorrect repeti-
tions. 4 730 entries were removed using this method. However, this method is quite dictionary specific

and may not generalise well to other dictionaries.

e Pronunciations that were longer than their orthographic representation provided a good source of incor-
rect entries. 253 entries were identified and removed. This method can be applicable to other dictionaries
in English but may be language specific and may not necessarily perform as well with dictionaries in

other languages.

o Identifying erroneous graphemic nulls was a method that found many incorrect entries. 189 entries were
identified and removed from the dictionary using this technique. The analysis of graphemic nulls may

generalise well to other dictionaries, however, the specific nulls that were identified may not.

In addition, the most efficient techniques (identifying the largest number of verified incorrect entries as a

percentage of the word list requiring manual verification) are found to be:
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e The analysis of words containing multiple consecutive gnulls is found to be the most efficient method,
achieving an accuracy of 78.57 %.

e The analysis of the generation restriction rules that accompany the implementation of pseudo-phonemes,
concentrating on groups of more than three pseudo-phonemes, was very efficient at identifying truly
erroneous entries in the dictionary. This method achieved 55.56% accuracy with its list of potential
errors. This method is likely to generalise well to other dictionaries, but is only efficient when one is

looking for incorrect pronunciation variants.

o Identifying erroneous graphemic nulls was very efficient as well, achieving a 52.2% accuracy with its

predictions.

e Searching for a number of consecutive nulls in pronunciations after alignment is performed on a dic-
tionary was also an efficient technique at finding errors in the dictionary. This technique is 41.18%

successful in its prediction of incorrect entries.

In total, 5 502 words are removed from the BEEP dictionary. This is unexpected, as BEEP is a popular
dictionary, frequently utilised in a variety of speech technology applications.

3.8 CONCLUSION

Pronunciation dictionaries are fundamental to the functionality of ASR systems and it is prudent to perform ver-
ification of them before they are utilised. In this experiment, a number of novel automatic and semi-automatic
verification techniques are explored. These are found to be quite efficient, allowing human verifiers to review
less words to find the same errors, thus reducing the resources required for dictionary verification.

The number of identified erroneous entries in BEEP, a widely used British English dictionary is found to
be surprisingly high, over 5 000 words.

The final results of this experiment is a dictionary that has undergone verification and is thus more reliable

for use in ASR experiments.
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CHAPTER FOUR

BASELINE ASR SYSTEM DEVELOPMENT

4.1 INTRODUCTION

When experimenting with ASR techniques, it is important to build the most optimal system one can, while
attempting to keep the system architecture as close to others studied as possible, to allow for comparability and
applicability of results. In view of this similar systems were studied from Hain et al. (2001), Hain (2005) and
Goronzy et al. (2004). Their architecture was studied and selectively implemented in the baseline system that
is used throughout this thesis.

This chapter focuses on introducing the baseline system that is used for experiments further on in this thesis.
Section 4.2 defines the particulars of the system, describing the speech corpus and pronunciation dictionary in
Sections 4.2.2 and 4.2.1, respectively. The technical implementation of the system is described in 4.2.3 and the
parameter optimisation undergone for this system is described in Section 4.2.4. The results of the system are

shown in Section 4.3, and concluding remarks are given in 4.5.

4.2 ASR SYSTEM PARTICULARS

In this section the baseline ASR system used in our experiments is defined and explored in depth. More
specifically, the pronunciation dictionary implemented is described, as well as the speech corpus used to train

and test the system. The system architecture and implementation thereof are also defined in full.

4.2.1 PRONUNCIATION DICTIONARY

The pronunciation dictionary consists of a combination of the British English Example Dictionary (BEEP)
(Robinson, 1996) and a supplementary pronunciation dictionary that has words contained in the speech corpus
but not transcribed in BEEP. (This includes SAE specific words and names of places). The 44-phoneme BEEP
ARPABET set is used. The dictionary was put through the verification process described in Chapter 3 but
also manually verified to eliminate highly irregular pronunciations. The dictionary has 1 500 entries, 1 319
of which are unique words. The average number of pronunciations per word is 1.14 and the number of words
with more than one pronunciation is 181. In further experimentation, this dictionary is referred to as the default

dictionary.
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4.2.2 SPEECH CORPUS

The speech corpus consists of speech recorded using existing interactive voice response systems. The record-
ings consist of single words and short sentences. There are 19 259 recordings made from 7 329 telephone
calls, each of which is expected to contain a different speaker. The sampling rate is 8§ kHz and the total length
of the calls is 9 hours and 2 minutes. In total, 1 319 words are present in the corpus, but the corpus is rather
specialised, with the top 20% of words making up over 90% of the corpus. The relevant phoneme counts are

given in Table 4.1. Counts are calculated using forced alignment with the speech corpus and default dictionary.

Table 4.1: Phoneme counts for the speech corpus

Phoneme | Number of Occurrences | Phoneme | Number of Occurrences

AA 2097 EA 2566
AW 2037 DH 2389
AY 6561 HH 2420
CH 1847 JH 2385
ZH 75 D 5294
NG 2194 TH 3929
IY 9634 B 4777
AE 5470 EH 6158
G 2261 F 5502
AH 3883 K 6778
M 5261 L 5389
AO 3106 N 23587
IA 1014 IH 9084
S 10701 R 9484
EY 4509 T 17066
W 4293 \Y% 6010
Y 2743 AX 14282
V/ 5399 ER 2499
OH 3232 UW 3151
SH 2008 UH 1324
10)'¢ 39 ow 3442
UA 455 P 3286

4.2.3 TECHNICAL IMPLEMENTATION

The ASR system implementation is designed to be fairly standard. The system is designed to make use of 39-
dimensional Cepstral Mean Normalised vectors (13 Mel Frequency Cepstral Coefficients (MFCCs) ,13 delta
coefficients,13 acceleration coefficients). It implements 3 state left-to-right Hidden Markov Models (HMMs)
to model context dependent triphones. Each state of the HMM implements a Gaussian Mixture, which is
optimised to contain 8 mixtures (see Section 4.2.4.3).

The system makes use of a flat word based language model, which means that the language model attempts
to recognise whole words consisting of phonemes instead of individual phonemes, but the sequence of words
is assumed to be random (which is a conservative assumption).

The insertion penalty implemented in recognition is experimentally optimised at -60 (See Section 4.2.4.2).
Ten fold (90% - 10 %) cross validation is also implemented, in order to verify all results. For cross validation,
all the utterances of a single speaker in the speech data are grouped in either the training or the test data, and
not allowed to appear in both. The system is implemented using the ASR-Builder software (Zsilavecz, 2008),
which is a tool that implements the HMM Toolkit (Young et al., 2000).
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4.2.4 OPTIMISING SYSTEM PARAMETERS
4.2.4.1 ACCURACY DEFINITION

Accuracy is calculated as follows (where units can be phonemes or words):
Deletions = Number of times that a unit occurs but is not recognised as itself or any other unit.
Insertions = Number of times that a unit is recognised as occurring, but where neither it nor any other unit
occurs.
Substitutions = Number of times that one unit is recognised where another unit occurs.
Total = Total number of occurrences of a specific unit.
Total — Deletions — Substitutions — Insertions

PercentAccuracy = Total X100%
ota

4.2.4.2 WORD INSERTION PENALTY TESTING

Penalty testing is performed to ensure that as the ASR system evolves, its results would be directly comparable
to other iterations of the ASR system. A grid search is performed to find the optimal penalty. The process is
described below and summarised in Table 4.2. Note that word accuracy is used to select the correct penalty for

the baseline system. This process is repeated for each individual ASR system trained.

o Firstly, five penalties are tested: -100,-50, 0, 50, 100. These enable instantiating outer limits for penalties,

as well as establishing 4 pools into which the penalties can be split.

e The highest accuracy is achieved at the penalty -50. Thus the penalties around it with a radius of 25 need
to be tested: -25 and -75.

o The highest accuracy is still achieved at -50. Thus the penalties around around it with a radius of 10 are
tested: -40 and -60.

e Now the highest accuracy has moved to -60. Thus the penalties closest to it with a gap of 5 are tested:
-65 and -55.

e The highest accuracy is still around -60, thus the radius is decrease to 2.5, and the penalties around it are
tested again: -57.5 and -62.5.

e The penalty -60 still achieves the highest accuracy, and is thus determined to be the optimal penalty.

4.2.4.3 GAUSSIAN MIXTURE OPTIMISATION

The number of Gaussian mixtures was optimised experimentally (see Table 4.3), using phoneme accuracy as

an optimality measure. The optimal number of mixtures was found to be 8 for the baseline system.

4.3 RESULTS

The system is optimised to achieve a baseline phoneme accuracy of 79.57% and a corresponding word accuracy
of 64.50%. As a measure of statistical significance, the standard deviation of the mean is calculated across the

10 cross-validations, resulting in 0.07% and 0.13% for phoneme and word accuracy respectively.
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Table 4.2: Results of ASR system using selected penalties

Penalty | Accuracy |

-100 62.76 %
-75 64.12 %
-65 64.45 %
-62.5 64.5 %
-60 64.56 %
-57.5 64.5 %
-55 64.49 %
-50 64.41 %
-40 63.9 %
-25 62.39 %

0 54.59 %
50 -144.71 %
100 -530.03 %

Table 4.3: Results of ASR system using selected Gaussian mixture quantities

Number of Mixtures | Phone Accuracy

71.29 %
72.10 %
74.10 %
75.70 %
76.86 %
717.57 %
77.81 %
77.70 %
77.34 %

O 00 | | | K| W

—
)

44 COMPARING THE VERIFIED AND UNVERIFIED DICTIONARIES

An ASR system is implemented to test the functionality of the G2P verification process described in Section
3.5.9.

For possible improvement of the ASR system, a dictionary built using BEEP but containing only 1511
entries that appear in the data is verified. The G2P rule extraction technique described in Section 3.5.9 is
implemented to isolate entries for manual attention. 498 entries are flagged, of which 33 entries are removed
and 3 entries are corrected.

The ASR system is trained with both the unverified dictionary and the verified one. The word accuracy of
this system with an unverified dictionary is 64.50%, and the accuracy did not change with verification, even

though 2.18% of the dictionary is removed.

4.5 CONCLUSION

The ASR system is implemented to be as optimal as possible, while at the same time implementing standard
system architecture. For example, 3 state HMMs are implemented, modelling context-dependent triphones,
with 8 Gaussian Mixtures per state. The HMMs and Gaussian mixtures in them are standard, however, the
number of Gaussian Mixtures was optimised specifically for this ASR system. The system that is outlined
in this chapter is the standard baseline system that will be used as the starting point for experiments for the

remainder of this thesis.
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CHAPTER FIVE

DIPHTHONG ANALYSIS

5.1 INTRODUCTION

A diphthong is a sound that begins with one vowel and ends with another. Because the transition between the
vowels is smooth, it typically is modelled as a single phoneme. However, since it would also have been possible
to construct a diphthong using smaller units that are already part of the vowel system, this may be an inefficient
representation.

This chapter focuses on the use of diphthongs in SSAE. This is an interesting and challenging starting
point to an acoustic analysis of SSAE, but also a good starting point to analysing the requirement for phonemic
distinctions. The specific interest in diphthongs is inspired by the scarcity of some of these sounds (such as
/OY/ and /UA/, using ARPABET notation (Appendix A)) in spoken English and that large corpora are required
to include sufficient samples thereof.

This chapter is aimed at providing a linguistic insight into the role that diphthongs play in the phoneme
inventory of SSAE. The need for diphthongs in a lexicon is evaluated by systematically replacing them with
selected variants and analysing the system results. Data driven and knowledge based techniques of identifying
variants are compared using the ASR system. Finally, once optimal diphthong replacements are found, a data
limitation experiment is implemented, to measure the reaction and robustness of the baseline and new system
(which does not contain diphthongs) to increasingly limited data sources. These experiments together allow
for an understanding of the function of diphthongs in SSAE to be gained.

This chapter describes the steps followed in the analysis of diphthongs in SSAE. Section 5.2 describes how
replacement suggestions for diphthongs can be automated and how they can be filtered using an ASR system.
Section 5.3 describes how these diphthong replacements are evaluated. Section 5.4 describes the replacement of
all diphthongs in the pronunciation dictionary, and this system is used in Section 5.5, to perform data limitation
experiments. Concluding remarks can be found in Section 5.6.

5.2 AUTOMATIC SUGGESTION OF VARIANTS

5.2.1 APPROACH

In order to identify possible alternatives (or variants) for a single diphthong, the following process is proposed:
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1. An ASR system is trained as described in more detail in Chapter 4. The system is trained using all the

data available and the default dictionary containing the original diphthongs.

2. The default dictionary is expanded: variant pronunciations are added to words containing the diphthong
in question by replacing the diphthong with all vowels and combinations of two vowels. Two glides (the

sounds /W/ and /Y/) are considered as part of the vowel set for the purpose of this experiment.

3. The original diphthong is removed completely, so that the dictionary only contains possible substitutions.
The order of the substitutions is randomised in every word. This ensures that the speech that would
represent the diphthong is not consistently labelled as one of the possible substitutions and the training

process is therefore not biased in a certain direction.

4. The ASR system is used to force align the data using the options provided by the new dictionary. (Since
the diphthong has been removed, the system now has to select the best option from the alternatives that

remain.)

5. The forced alignment using the expanded dictionary (alignment B) is compared to the forced alignment

using the default dictionary (alignment A):

e Each time the diphthong in question is found in alignment A, it and its surrounding phonemes are
compared to the phonemes recognised at the same time interval in alignment B. The phonemes in
alignment B that align with the diphthong in alignment A are noted as possible alternatives to the
specific diphthong.

o The alternatives are counted and sorted by order of frequency.

6. The frequency sorted list is perused and three to five possible replacements for the diphthong are se-
lected by a human verifier from the top 20 candidates. The human verifier is required to assist the system
because they are equipped with SSAE and general linguistic knowledge, and are thus able to select re-
placement candidates that contain vowels or vowel combinations that are more likely to be replacements
for the diphthong in question. For example, as a diphthong typically consists of two or more vowels
linked together, it is quite likely that the best alternative to a diphthong is a combination of two vowels
(diphone). Even though an ASR system may not initially lean towards such a double vowel replacement,
including such an alternative may be forced by the human verifier. Also, knowledge-based linguistically
motivated choices may be introduced at this stage. These choices are motivated by linguistic definitions

of diphthongs as well as SAE variant definitions supplied in Kortmann and Schneider (2004).

Once this process is completed, a list of possible replacements is produced. This list is based on a combi-

nation of system suggestions and human selection.

5.2.2 RESULTS
5.2.2.1 DIPHTHONG ANALYSIS: /AY/

The phoneme /AY/ is processed as described in Section 5.2.1. Table 5.1 lists the top 20 candidates and their
selection percentage, with the selected replacements marked in bold font. The variants selected for evaluation
are all phonetically close or identical to either the standard British English definition of the diphthong /AY/
((online), 1996; Armstrong, 1996), or the SAE variant definitions of the diphthong (Kortmann and Schneider,
2004). It is interesting to note that both the standard British definition of the diphthong and one of the SAE
variant pronunciations both appear in the top 10 replacements. Five sounds are selected for evaluation of their
ability to model the phoneme /AY/.
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Table 5.1: Results of the automatic variant suggestion experiment for the diphthong /AY/

’ Replacement \ Percentage \ Replacement \ Percentage ‘

/AE/ 0.113 /AA AE/ 0.025
/AH/ 0.110 /UW AH/ 0.021
/OH AA/ 0.073 /AE 1Y/ 0.018
/W AA/ 0.047 /AH EH/ 0.017
/AA/ 0.042 /W AH/ 0.017
/AH AA/ 0.041 /OH AH/ 0.015
/AH IH/ 0.038 /AHTY/ 0.015
/OH/ 0.037 /ER/ 0.014
/AX AA/ 0.032 /AE UW/ 0.013
/AH AE/ 0.028 /AH UW/ 0.012

5.2.2.2 DIPHTHONG ANALYSIS: /EY/

The phoneme /EY/ is also processed as described in Section 5.2.1. Table 5.2, similarly to Table 5.1, lists the top
20 candidates and their selection percentage, with the selected replacements marked in bold font. The selected
variants for evaluation are again all phonetically close or identical to either the standard British English defini-
tion of the diphthong /EY/ ((online), 1996; Armstrong, 1996), or the SAE variant definitions of the diphthong
(Kortmann and Schneider, 2004). Although the exact pronunciations of British English and SAE variants are
not reflected in the top 20 candidates, sounds that are phonetically very close to them do appear there. Also,
five sounds are selected for evaluation of their ability to model the phoneme /EY/. In addition, the linguistically
motivated /EH IH/ is added as a sixth sound.

Table 5.2: Results of the automatic variant suggestion experiment for the diphthong /EY/

]Replacement Percentage | Replacement | Percentage

/EH/ 0.088 /TH/ 0.024
/AE 1Y/ 0.081 /AE UW/ 0.021
/ER/ 0.072 /ER UW/ 0.016
/AE/ 0.069 /AH UW/ 0.015
/AE IH/ 0.065 /AE EH/ 0.015
/AH IH/ 0.045 Y/ 0.015
/EH 1Y/ 0.032 /AE UH/ 0.015
/ER 1Y/ 0.031 MHTY/ 0.014
/AH EH/ 0.029 Y 1Y/ 0.014
/AHTY/ 0.027 /EH IH/ 0.014

5.2.2.3 DIPHTHONG ANALYSIS: /EA/

The phoneme /EA/ is processed as described in Section 5.2.1. Table 5.3 lists the top 20 candidates and their
selection percentage, with the selected replacements marked in bold font. The selected variants for evaluation
are all phonetically close or identical to either the standard British English definition of the diphthong /EA/
((online), 1996; Armstrong, 1996), or the SAE variant definitions of the diphthong (Kortmann and Schneider,
2004). Once again, it is promising to note that some of the sounds appearing in the top 20 list of replacements
represent, or are close to representing the definitions of the diphthong /EA/. Only three sounds are selected to
evaluation of their ability to model the diphthong /EA/. In addition, the linguistically motivated /EH AX/ is
added as a fourth sound.
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Table 5.3: Results of the automatic variant suggestion experiment for the diphthong /EA/

5.2.2.4 DIPHTHONG ANALYSIS: /OW/

Replacement \ Percentage \

Replacement \ Percentage ‘

/EH/ 0.098 TUW/ 0.022
/ER/ 0.053 /TH ER/ 0.022
my/ 0.041 /TUW Y/ 0.020
/EHTY/ 0.039 nY Y/ 0.019
MHTY/ 0.037 /Y UH/ 0.019
Y/ 0.036 /ER 1Y/ 0.018
/Y EH/ 0.033 Y AX/ 0.016
/AE/ 0.027 /Y 1Y/ 0.015
MH Y/ 0.025 /Y EH/ 0.013
/TH EH/ 0.022 /Y IH/ 0.012

The phoneme /OW/ is processed as described in Section 5.2.1. Table 5.4 lists the top 20 candidates and their

selection percentage, with the selected replacements marked in bold font. The selected variants for evaluation

are all phonetically close or identical to either the standard British English definition of the diphthong /OW/
((online), 1996; Armstrong, 1996), or the SAE variant definitions of the diphthong (Kortmann and Schneider,

2004). It is interesting to note the all of the top four selected sounds are phonetically close to a definition of the

diphthong /OW/. All together, five sounds are selected for evaluation of their ability to model the diphthong

/OW/.

Table 5.4: Results of the automatic variant suggestion experiment for the diphthong /OW/

Replacement | Percentage |

Replacement | Percentage |

/ER/ 0.112 /AO/ 0.019
/AE/ 0.061 /AE UH/ 0.017
/ER UW/ 0.050 1AX/ 0.017
/OH/ 0.050 /UH/ 0.016
TAA/ 0.033 /AH AA/ 0.015
AX AA/ 0.030 /ER UH/ 0.015
/AE UW/ 0.025 /AE ER/ 0.015
/Y ER/ 0.023 /TUW/ 0.015
/AH ER/ 0.023 /OH AA/ 0.015
/OH AO/ 0.021 /OH IH/ 0.014

5.3 EVALUATING REPLACEMENT OPTIONS

5.3.1 APPROACH

Once a list of three to five possible replacements has been selected for each diphthong, these replacements

can be evaluated for their ability to replace the diphthong in question. Per diphthong, the following process is

followed:

1. The default dictionary is expanded to include the selected alternatives as variants for the diphthong

in question. The pronunciation with the diphthong is removed and the alternative pronunciations are

randomised in order not to bias the system towards one pronunciation (as again, the system initially

trains on the first occurring pronunciation of every word).
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2. Each time the diphthong is replaced by an alternative, a list is kept of all words and pronunciations added.

3. An ASR system is trained on all the data using the expanded dictionary, and the alignments produced
during training are analysed.

4. The pronunciations in the forced alignment are compared to each of the lists of added alternatives in turn,
calculating the number of times the predicted pronunciation is used in the forced alignment, resulting in

an occurrence percentage for each possible replacement.

5. Using these occurrence percentages, the top performing alternatives are selected. The number of selec-
tions is not specified, but is rather decided by a human verifier. The human verifier is required to take
into account that diphones are likely to replace diphthongs (reported in Section 5.2.1) as well as linguistic

knowledge.

6. This process is repeated until only a single alternative remains, or no significant distinction can be made

between two alternatives.
7. After each iteration of this process, the ASR phoneme and word accuracies are monitored.

8. In order to test the diphone theory detailed in Section 5.2.1, if a diphone does not constitute one of
the final two selected alternatives, the final selected alternative is implemented along with the diphone

alternative in order to see whether the ASR system selects the diphone as a better model for a diphthong.

5.3.2 RESULTS

In this section the results of analysing a number of diphthongs individually according to the process described
in the previous section (Section 5.2.1) are described.

Since training the full system outlined in Chapter 4 is highly time consuming, a first experiment is per-
formed to determine whether a monophone-based system is sufficient to use during the process to identify and
evaluate replacement options. For each diphthong investigated, a dictionary is compiled as described in Sec-
tion 5.2, a full system is trained using this dictionary, and its forced alignment output when using monophone
models with no addition gaussian mixtures is compared with its forced alignment output when using triphone
models with 8 mixtures. This comparison always resulted in an equivalence of more than 95%. Therefore, from
here onwards, only monophone alignment is used for decision making, while final accuracies, or selection rates,

are reported on using the full triphone system.

5.3.2.1 DIPHTHONG ANALYSIS: /AY/

The AY diphthong is first to be analysed. The results of the analysis are summarised in Table 5.5. Each line
represents one experiment. For each experiment, the accuracies of each of the included alternatives are noted,
as well as the cross validated phoneme and word accuracies of the full ASR system and standard deviation of
the mean of their accuracies across the 10 validations (1) '

The progression of this experiment is outlined below:

e In the first iteration, the alternatives /AH/, /AH IH/ and /AA/ achieve the highest accuracies and are

selected for the next round. /AH/ achieves the highest selection rate overall.

o In the second iteration, the alternatives /AH/ and /A A/ achieve the highest accuracies and are selected for

the next round. Again, /AH/ has the highest selection rate. All diphones have now been eliminated.

I1f & is the standard deviation of n measurements, o, = oly/n where oy, measures the standard deviation of the resulting mean
calculated over all n experiments
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In the third iteration, /AH/ has the highest selection rate and is therefore selected as the final and best

alternative for /AY/.

In the fourth iteration, /AH/ is tested as a replacement of /AY/. Phoneme accuracy rises to its high-
est, however, word accuracy suffers. As phoneme accuracy is influenced by the change in number of
phonemes (from one experiment to another), word accuracy is the more reliable measure for this experi-

ment.

The diphone theory, detailed in Section 5.2, suggests that, because diphthongs are made up of two sounds,
their replacement must also consist of two sounds in order to have the capacity to model them accurately.
In order to test this theory, an iteration is run with /AH/ and /AH IH/ as the alternatives for /AY/. The
ASR system still selects the /AH/ alternative over the /AH IH/ alternative. However, the word accuracy
increases at this iteration, implying that perhaps having /AH IH/ as an alternative pronunciation for /AY/

fits the acoustic data better than only having /AH/.

A final iteration is run with the knowledge-based linguistically motivated choice /AH IH/ as the replace-
ment of /AY/. Both phoneme and word accuracy rise to their highest values with this replacement. This
shows that the linguistically predicted /AH IH/ is indeed the best replacement for /AY/.

Table 5.5: Results of the variant evaluation experiments for the diphthong /AY/
] \ /AH/ \ /AA/ \ /AH IH/ \ /AE 1Y/ \ /AH IY/ \ P Acc \ P oo \ W Acc \ W o190 \

1]046 | 020 | 0.18 0.08 0.07 78.51% | 0.27 | 63.88% | 0.38
21046 | 036 | 0.17 N/A N/A 78.75% | 0.23 | 64.06% | 0.40
31056 | 043 | N/A N/A N/A 79.14% | 0.24 | 64.17% | 0.41
4|1 N/A | N/A N/A N/A 79.56% | 0.23 | 64.03% | 0.40
51062 | NNA | 0.38 N/A N/A 79.19% | 0.21 | 64.13% | 0.35
6 | NNA | NJA | 1 N/A N/A 79.77% | 0.23 | 64.30% | 0.38

5.3.2.2 DIPHTHONG ANALYSIS: /EY/

The /EY/ diphthong is analysed using the technique outlined in Section 5.3.1. The results are summarised
in Table 5.6. In the first iteration, /AE/ and /EH/ are clearly the better candidates, but the diphone (double

vowel) scores are lower and very similar. Thus, for the second iteration, all diphones are cut and only /AE/ and

/EH/ are tested. But for the third iteration, testing the necessity of including a diphone, two of the diphones are

introduced back to be tested again. It should be noted that the highest word accuracy achieved for the suggested

variants is achieved in the third iteration, suggesting that diphones are indeed necessary when attempting to

replace a diphthong. Again, the highest accuracy achieved overall is for the knowledge-based linguistically

suggested alternative /EH TH/.

Table 5.6: Results of the variant evaluation experiments for the diphthong /EY/

|

[ /AE/ [ /EH/ | /AETY/ [ /AETH/ | /EHIY/ [ /EHIH/ [ PAcc | Poyy | W Acc | Woy |

0.24 | 0.25 | 0.17 0.17 0.16 N/A 7897% | 0.24 | 64.27% | 0.41

0.59 | 041 | N/A N/A N/A N/A 79.30% | 0.23 | 64.03% | 0.35

048 | N/A | 0.26 0.27 N/A N/A 79.36% | 0.25 | 64.41% | 0.42

1 N/A | N/A N/A N/A N/A 79.64% | 0.26 | 64.04% | 0.35

N B W=

N/A | N/A | N/A N/A N/A 1 79.78% | 0.24 | 64.43% | 0.45
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5.3.2.3 DIPHTHONG ANALYSIS: /EA/

The /EA/ diphthong is now analysed. The results of the experiment are summarised in Table 5.7. These results
behave quite differently compared to the other diphthong experiments. The first iteration, where all 3 of the
variant options are included, achieves the highest word accuracy, even higher than the iteration which makes
use of linguistic knowledge. The phoneme accuracy, however, increases with every iteration, reaching its peak
with the use of the linguistic replacement. Again, this may be related to the change in number of phones (in

words causing errors) which makes word accuracy a more reliable measure.

Table 5.7: Results of the variant evaluation experiments for the diphthong /EA/
] \ /EH/ \ /IH EH/ \ /AE/ \ /EH AX/ \ P Acc \ P oo \ W Acc \ W o190 \

1]051 | 034 0.15 | N/A 79.22% | 0.23 | 64.49% | 0.37
21072 | 0.28 N/A | N/A 79.51% | 0.26 | 64.43% | 0.41
311 N/A N/A | N/A 79.65% | 0.24 | 64.21% | 0.45
4 | N/A | N/A N/A | 1 79.73% | 0.22 | 64.30% | 0.38

5.3.2.4 DIPHTHONG ANALYSIS: /OW/

The experiment is repeated for the diphthong /OW/. The results for the experiment are outlined in Table 5.8.
The phoneme accuracy follows a similar pattern to the earlier experiments. The word accuracy is highest
at both iteration three, where a diphone is included and iteration five, where the linguistic knowledge-based
replacement is implemented. The knowledge-based linguistic replacement once again achieves the highest

phoneme and word accuracies.

Table 5.8: Results of the variant evaluation experiments for the diphthong /OW/
| [ /OH/ | /ER/ | [JERUW/ | /AE/ | /JAEUW/ | /AXUH/ [ PAcc | Poig | WAcc | Wy

11029 | 036 | 0.14 0.13 | 0.08 N/A 79.34% | 0.25 | 64.37% | 0.38
21052 | 048 | N/A N/A | N/A N/A 79.57% | 0.27 | 64.41% | 0.42
31059 | NA | 041 N/A | N/A N/A 79.43% | 0.24 | 64.52% | 0.44
411 N/A | N/A N/A | N/A N/A 79.61% | 0.24 | 64.41% | 0.43
5| NA | NJA | N/A N/A | N/A 1 79.72% | 0.24 | 64.57% | 0.43

5.4 SYSTEMATIC REPLACEMENT OF ALL DIPHTHONGS

54.1 ACCURACY RESULTS

Given the results achieved in the earlier experiments, a final experiment is run where all the diphthongs are
replaced using a systematic system based on the linguistic definitions of the individual diphthongs.

Two full ASR systems are used, designed as described in Chapter 4. These two systems differ only with
regard to their dictionary. One system (system A) uses the baseline dictionary. In the other (system B), the
diphthongs in the baseline dictionary are all replaced with their diphone definitions, using British English
definitions defined in Table 5.9.

All results are cross-validated and the two systems are compared using their word accuracies. Interestingly
word accuracy decreases only very slightly: from 64.53% for system A to 64.35% for system B. The removal
of 8 diphthongs is therefore not harmful to the accuracy of the system. This is an interesting result, especially

as the detailed analysis is only performed for 4 of the diphthongs and further optimisation may be possible.
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Table 5.9: IPA based diphthong replacements

’ Diphthong \ Diphone \ Diphthong \ Diphone ‘

/AY/ /AHIH/ | /0Y/ /OH IH/
/EY/ /EHIH/ | /AW/ /AH UH/
/EA/ /EH AX/ | A/ /TH AX/
/OW/ /AX UH/ | /UA/ /UH AX/

5.4.2 FURTHER ANALYSIS

Additional results can be found in Appendix C, including a confusion matrix for the baseline system (Tables
C.1 and C.2) and a confusion matrix for the knowledge-based system (Tables C.3 and C.4). For the analysis
of the confusion matrices, the confusion matrix of the knowledge-based ASR system is subtracted from the
baseline ASR system’s confusion matrix. In order to view only the significant results, all the cells are filtered
using a confidence interval equation (equation 5.1). The confidence interval measures the expected deviation of
a measurement. This equation is calculated per phoneme, and each change in accuracy in the confusion matrix
for that phoneme is tested against the value of the confidence interval and only displayed if it it falls outside
this interval.

If n indicates the total number of occurrences of a phoneme, correct the number of times a phoneme is

correctly recognised and the correctness of a phoneme (p) is calculated as:

correct

p= n

Then the confidence interval is calculated as:

p(1 —p)

Cl = p+ (5.1

The results are shown in Table C.5 and Table C.6. The diagonal cells are highlighted in bold font, these are

the percentages that each phoneme is recognised correctly. The following points should be noted:

e The accuracy of the phoneme /AH/ decreases considerably, as it becomes more easily confused with other
phonemes. This can be explained by the phoneme data becoming more variable due to the diphthongs

that now partially contribute to it.

e The phonemes /IH/ and /UH/ become less confusable with other phonemes, probably due to the added
data that they are now trained on. However, both still suffer a little due to the extra variance that is

introduced into their acoustic models by the new data.

e Although other phoneme accuracies and confusions are affected by the disposal of the diphthongs, the

changes are smaller than 5 % of the total occurrences of the phoneme.

5.5 DATA LIMITATION

Two ASR systems have now been developed (system A with diphthongs, and system B without diphthongs) but
their difference has only been analysed with regard to their overall accuracy. Data limiting experiments have
allowed for insight into the behaviour of different phonemes (Badenhorst and Davel, 2008). The analysis of the
two systems with different amounts of data is important because it provides an understanding of the training

process of both systems, and their utilisation of the available data.
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5.5.1 APPROACH

In this experiment the available training data is artificially limited in order to determine trends during training.
Cross validation is not implemented in this experiment due to the standard deviation of the mean in the main
results being 0.13, which is low enough to assume a certain standardisation among iterations of the cross
validation. In order to ensure comparative results among runs, a larger test set is used than for the cross-
validated experiments.

The approach that is followed is described in detail below.
1. The list of speakers that is in the data is randomised.

2. This list is split into two sets, 80% and 20% for training and testing respectively. The specific values for

the sets are:
e Training set: 5 863 calls, 15 566 utterances.
o Test set: 1466 calls, 3 693 utterances.
3. Now the training set is split further. Five different training lists are generated, each containing a percent-
age of the original list: 100%, 75%, 50%, 25% and 10%. The details of the different sets are:
o 75 % set: 4 398 calls, 11 599 utterances.
e 50 % set: 2 932 calls, 7 750 utterances.
e 25 % set: 1466 calls, 3 892 utterances.

o 10 % set: 587 calls, 1 587 utterances.
4. Both system A and system B are trained on each training list in turn, and tested on the test set.

5. The results of the two systems are compared.

5.5.2 RESULTS

Table 5.10 details the results achieved in the implementation of data limiting in the ASR systems A (system
trained with diphthongs) and B (system trained without diphthongs, using knowledge-based replacements).
The table details the phone and word accuracy achieved using each system, as well as the relative difference in
error rate between the two systems (system A with diphthongs, and system B without diphthongs). As can be
seen from the results, system B maintains a small but constant lead over system A as the amount of data used
to train both systems is decreased to 10% of the original training set.

The nature of the diphthong replacement is also investigated through the removal of data. If the replace-
ments of the diphthongs are not correct, and are trained on different amounts of data, the system would be
expected to deteriorate with more data, as diphthong data would be added to the replacing phonemes incor-
rectly, thereby adding noise and instability to those phonemes. However, as more data is added to the system,
the accuracy remains stable. This implies that with more of the diphthong data added to the phonemes that
have replaced them (which adds some variance to those phonemes) the phoneme models remain stable.

5.6 CONCLUSION

The aim of this chapter is to gain insight into the use of diphthongs in SSAE. A data-driven process is defined
through which diphthongs could automatically be replaced with optimal phonemes or phoneme combinations.

To complement this process, a knowledge-based experiment is set up using linguistic data for British English.
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Table 5.10: Results for data limiting experiment for baseline and knowledge-based ASR systems

’ Data \ Phn Acc Base \ Phn Acc Know \ Phn Acc Rel Diff \ Wrd Acc Base \ Wrd Acc Know \ Wrd Acc Rel Diff ‘
100 78.42 79.81 6.44 % 61.76 62.32 1.46 %
75 77.66 79.35 7.57 % 60.63 61.56 2.36 %
50 76.80 78.08 5.51 % 59.43 59.47 0.10 %
25 74.03 75.42 5.35% 55.21 55.61 0.89 %
10 65.48 67.77 6.63 % 45.48 45.76 0.51 %

Although the data-driven method is partially successful in finding the best replacement for diphthongs, the
knowledge-based method is superior. Through the implementation of the full knowledge-based system a sur-
prising result is found: diphthongs modelled in the baseline system are found to be superfluous. This result is
surprising because diphthongs make up 18 % of the total phoneme count of the baseline system.

The stability of the knowledge-based system is investigated as well, and is found to be sound. However,
even though the knowledge-based system is found to model diphthongs better than the data-driven system, the
increase in accuracy is small enough that if prior linguistic knowledge is not available, the data-driven technique
can be used quite effectively.

It is interesting to consider the South African English variants of diphthongs that are described in (Kortmann
and Schneider, 2004). The variants described here or ones close to them always appear on the list of the top
candidates of the data-driven selection. This in itself is an interesting observation from a linguistic perspective.

From a technical perspective, the removal of diphthongs simplifies further analysis of SSAE vowels. Our
initial investigations were complicated by the confusability between diphthongs and vowel pairs, and this effect

can now be circumvented without compromising the precision of the results.
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DIALECT ADAPTATION OF THE KIT VOWEL

6.1 INTRODUCTION

The KIT vowel! in British English (BE) exhibits curious behaviour in SSAE, referred to as the ‘KIT split’.
It experiences allophonic variations that overlap with other phonemes, sometimes to the point where it is
indistinguishable from them. Examples of such words include the word ABRUPTNESS, with the British
English pronunciation /AX B R AH P T N IH S/, and the SSAE pronunciation of /AX BR AHP TN AX S/.
Another example is the word EXACT, with the BE pronunciation /IH G Z AE K T/, and the SSAE pronunciation
of /EH G Z AE K T/. However, sometimes the BE pronunciation is the same as the SSAE one, as can be seen
with the word IN, with the pronunciation /IH N/ in both BE and SSAE. The analysis of the relationship between
SSAE and BE is thus initiated with the analysis of the KIT vowel.

This chapter focuses on extracting a definitive set of rules governing the realisation of the KIT vowel in
SSAE by testing known phenomena as well as formulating new rules. The known adaptation environment
rules from literature are implemented and analysed initially, following which new rules are formulated to
complement the previously implemented ones in order to optimally predict the realisation of the KIT vowel
in SSAE.

This chapter describes the experimental procedure followed in adapting a BE pronunciation dictionary to
SSAE, through the adaptation of the KIT vowel. Section 6.2 gives some background on the KIT vowel and
highlights prior research that has been performed on predicting the behaviour of the KIT vowel. Section 6.3
describes the experimental setup and the approach followed in this experiment. Section 6.4 describes the known
and formulated adaptation rules that are implemented on the BE pronunciation dictionary, and the results of
implementing these rules. Section 6.5 shows the validation of the results achieved in previous sections using
a validation set that is kept separate from the previous experiments. Section 6.6 describes the implementation
of the pronunciation dictionaries in an ASR system, to analyse the effect of the adapted differences. Finally,

Section 6.7 discusses the results achieved in the experiment.

I'The KIT vowel, or the ‘short I’ is part of Well’s lexical sets for describing “The lexical incidence of vowels in all the many accents [of
English]”(Wells, 1982). A lexical set is described by a set of words that tend to exhibit similar “within dialect ” behaviour, but many differ
between dialects.
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6.2 THE KIT VOWEL IN SSAE

The KIT vowel undergoes a large transformation between British English and SSAE, due to its variable be-
haviour in SSAE. The source of the variation of the KIT vowel in SSAE, including the time of its introduction
to SAE is not definitive. Bekker (2009) finds that there is not a perfect split in the pronunciation of the KIT
vowel, but rather a variation known as ’shading’. He does find that there is enough evidence to support a schwa
(/AX/) like pronunciation for the KIT vowel under certain circumstances in SSAE. He makes use of the tokens
defined by Webb (1983), which are outlined in Table 6.1 with sample words (the ARPABET symbols are not
used by Webb, and are added for the sake of clarity. See section 6.4.1 for more detail).

Table 6.1: Known KIT allophones identified by Webb (1983)

Allophone | Environment(s) Sample Word(s) Closest ARPABET Symbol
KIT1 disyllabic city,silly TAX/

KIT2 ?_;h_;in context of velars | sing,hit kit,it /TH/

KIT3 before palato-alveolars bitch,dish,fish /TH/

KIT4 unmarked chin, sit IAX/

KIT5 1_; 1;in context of labials | rid,bit,lit,limp,rim,lip | /AX/

KIT6 w_;_t till,with,fill,pill JAX/

6.3 EXPERIMENTAL SETUP

6.3.1 PRONUNCIATION DICTIONARY

The CELEX British English pronunciation dictionary is utilised for this experiment (Baayen et al., 1995). The
dictionary is selected due to its accurate syllable boundary and stress markings, linguistic information required
during this analysis (BEEP used in earlier chapters does not contain this additional information). The source
of the English data in the CELEX dictionary is the Oxford Advanced Learner’s Dictionary (1974) and the
Longman Dictionary of Contemporary English (1978). The dictionary contains 90 400 unique entries, 49 282
of which contain the /IH/ phoneme. In total there are 68 295 /IH/ phonemes in the whole dictionary.

6.3.2 APPROACH

The approach followed in this experiment is outlined below.

1. Creating a development dictionary and a validation dictionary

e The same steps are followed in putting together the development dictionary and validation dictio-
nary. However, the development set is edited and corrected during the experiment. The validation

set is not edited after its initial development.

e 400 words (200 each for the development and validation sets) that have pronunciations which con-
tain the /IH/ phoneme are randomly selected from the pronunciation dictionary.

e The /TH/ phonemes in the words are annotated by experienced SSAE speakers (2 Gauteng dwelling
L1 English speakers between the ages of 35 and 45) with the perceived SSAE pronunciation. The
/TH/ sounds in each word are analysed and either kept, or replaced with either /AX/ or /EH/.

e This forms a development and validation set, each of 200 words respectively, assumed to be pro-

nounced correctly.
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2. Developing the rule set: Rule implementation

¢ Known adaptation rules

o Known adaptation rules are found in literature and applied to the pronunciation dictionary to
form a stable and optimal first layer of adaptation rules on which new experimental rules can

be implemented.
o Each rule is implemented on every /IH/ appearing in the development set.

o Rule implementation allows for an analysis of the functionality of the rule set. The results
contain the initial, predicted and correct pronunciations as well as indications of which rules

are applied to that specific /IH/ phoneme and whether the final result is correct or not.
o All known rules are implemented and verified.

o This rule set is referred to as the known adaptation rule set.
e Selected Adaptation Rules

o Each rule is verified and only the top selected rules are implemented. The rule system that

consists of these rules is referred to as the selected adaptation rules.
e Formulated adaptation rules
o Formulated adaptation rules are extracted through a thorough analysis of the data (discussed
in more detail in Section 6.4.3).
o Each rule is implemented on every /IH/ appearing in the development set.

o Formulated adaptation rules are implemented in addition to the selected adaptation rules. This
ensures that the cooperability of the two sets of rules is tested.

o Rule implementation is again designed to allow for a full analysis of the functionality of the
rule set to be performed. The results contain the initial, predicted and correct pronunciations
as well as indications of which rules are applied to that specific /IH/ phoneme and whether the

final result is correct or not.

o Each rule is applied individually, and again, only the top performing rules are selected.
3. Developing the rule set: Rule evaluation

e Each rule that requires testing on the set is implemented and analysed with regard to five measures:

o Number of times applied,
o Number of entries correctly predicted, and

o Number of redundant applications. (Entries that are predicted correctly, but are predicted

correctly by a different rule as well.)

e Once the validity of a rule is established on the development set, a manual check is run on random
samples from the full pronunciation dictionary to verify that the rule is not over specialised to the

development set.
4. Verifying Results

e The final optimal set of rules that is selected is applied to the validation set.

e The results are analysed in order to measure the utility of all the rules.
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6.4 KIT VOWEL ADAPTATION RULES

In order to adapt the KIT vowel to SSAE, an investigation is required to assess the realisation of this vowel in
different environments. Two approaches are applied, a knowledge-based approach and a data-driven approach.
For the knowledge-based approach, expert suggestions are implemented and analysed. For the data-driven
approach, the data is analysed and attempts are made to complement the knowledge-based rules in order to
achieve optimal accuracy.

It is assumed for these experiments that the realisation of the KIT vowel will vary between the /IH/, /AX/
and /EH/ phonemes. This assumption is based on an analysis of the input data as well as the acoustic analysis
of the KIT vowel performed in Bekker (2009).

The list of 200 entries containing /IH/ from the CELEX dictionary contains 259 /IH/ phonemes. These en-
tries have been filtered manually by splitting all double words in order not to affect the experiment. (Examples
of these words include CAPTIVE BALLOON and FAMILY PLANNING.)

6.4.1 KNOWN ADAPTATION RULES

Bekker (2009) performs an acoustic analysis based on the assumption that 6 allophones of the KIT vowel exist.
Because allophones fall short of describing a full phoneme, and the pronunciation dictionary must contain full
phonemes, the phoneme mapping for each allophone is deduced from the affected words of every environment.
Table 6.1 shows the allophones along with sample words, from which the realisation of the KIT vowel in those
words can be deduced as follows:

e KIT1 The sample words given for this environment are city and silly, both of which describe the phoneme
/AX]/.

e KIT2 The sample words given for this environment are sing, hit, kit and it, all of which contain the
phoneme /IH/. The environment describing /IH/ occurring after a glottal stop could not be implemented
directly as glottal stops are not marked in any of the pronunciation dictionaries available. As the only
glottal stops preceding an /IH/ in both the development and validation sets occurs at the beginning of a
word, the rule is implemented indirectly by using the beginning of a word as a marker (to flag a glottal

stop). Additional processing would be required to deal with words such as “RE-INSTATE” correctly.

e KIT3 The sample words given for this environment are bitch, fish and dish, all of which describe the

phoneme /IH/.

e KIT4 The sample words given for this environment are sit and chin, which describe the phoneme /AX/.
However, no environment is given for this realisation thus no specific rules could be implemented. KIT4

acts as a default rule, when no other rules apply.

e KITS5 The sample words given for this environment are rid, bit, lit, limp, rim and lip, all of which describe
the phoneme /AX/.

o KIT6 The sample words given for this environment are till, with, fill and pill, all of which describe the
phoneme /AX/.

6.4.1.1 ENVIRONMENT ADAPTATION RULES

The following environments are suggested in Bekker (2009), each controlling a different allophonic realisation

of the KIT vowel (only defined environments are listed):
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KIT1 If an /TH/ occurs in the first syllable of a disyllabic word.

KIT2 This rule has three parts:

— /TH/ occurring after a glottal stop (implemented a /IH/ at the beginning of a word),
— /TH/ occurring after a voiceless glottal fricative (/H/) , and

— /IH/ in the context of velars. (A velar is defined in English as one of the following sounds: /K/, /G/,
/NG/ and /W/.)

KIT3 If an /IH/ occurs before palato-alveolars (a palato-alveolar in English is one of the following
sounds: /SH/, /ZH/, /JH/, ICH/), it is governed by this rule.

KITS5 This rule has three parts:

— /IH/ occurring after an alveolar lateral approximant (/L/),
— /TH/ occurring after an alveolar approximant (/R/), and

— /TH/ in the context of labials. (A labial is defined in English as one of the following sounds: /M/,
/B/, [P/, IV and /F/.)

KIT6 This rule has two parts:

— /IH/ occurring before a velarised alveolar lateral approximant (/L/) as a syllable coda, and

— /IH/ occurring after a voiced labio-velar approximant (/W/).

6.4.1.2 RULE IMPLEMENTATION

These environments are then put to the test on the random development set of 200 words extracted from the
pronunciation dictionary. The results are detailed in Table 6.2 and described below. The table depicts the
number of times each rules is applied, how many times it correctly predicted the realisation of the /IH/ phoneme,
how many times the prediction could have been made by different rules, the percentage of correct prediction
and the percentage of correct prediction that could not have been completed by different rules.

Because some of the rules have been adapted for implementation purposes and thus the rule set is not
identical to the one in Bekker (2009), the adapted rules have been renamed. It should be noted that the rules are
implemented and analysed regardless of possible conflicts. In other words, if two rules do conflict, the effect

of each is evaluated separately.
e KIT1
— The environment here dictates that the word in question must have two syllables, and that the KIT
vowel must appear in the first syllable. This rule is not modified from the initial definition of KIT1.
— The implementation of this environment finds 25 words matching the requirements. However, the
algorithm only manages a 24 % accuracy.

o KIT2+

— This rule is modelled after the KIT2 environment definitions. However, the glottal stop environment
is removed from the environment. Glottal stops cannot be used because they are not labelled in the
dictionary. The rest if the rule is the same as the definition of the environment for KIT2. (Note
however that all words containing glottal stops prior to the /IH/ are accurately identified by the

“Beginning of word ” rule.)
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Table 6.2: Results of /IH/ adaptation for knowledge-based rules

Rule Implemented | #entries | # correct | # redundant | % correct | % correct with redundancy
KIT1:

Disyllabic 25 6 18 24 % N/A
KIT2+:

Beginning of word 24 23 6 100 % 71 %
Following a /H/ 5 5 2 100 % 60 %
In the context of /K/ 15 13 7 87 % 40 %
In the context of /NG/ 41 41 15 100 % 63 %
In the context of /G/ 7 6 4 86 % 29 %
In the context of /W/ 6 0 2 0% 0%
KIT3+:

Preceding a /SH/ 3 3 1 100 % 67 %
Preceding a /N SH/ 0 0 0 N/A N/A
Preceding a /ZH/ 0 0 0 N/A N/A
Preceding a /N ZH/ 0 0 0 N/A N/A
Preceding a /CH/ 0 0 0 N/A N/A
Preceding a /N CH/ 0 0 0 N/A N/A
Preceding a /JH/ 1 1 1 100 % 0%
Preceding a /N JH/ 2 2 1 100 % 50 %
KITS:

Following a /L/ 26 7 1 27 % 23 %
Following a /R/ 28 5 4 18 % 4 %
In the context of /M/ 11 7 0 64 % 64 %
In the context of /B/ 12 5 3 42 % 17 %
In the context of /P/ 16 11 0 69 % 69 %
In the context of /F/ 10 7 4 70 % 30 %
In the context of /V/ 11 7 1 64 % 55 %
KITé:

Before tautosyllabic /L/ | 4 2 0 50 % 50 %
Following a /W/ 6 6 0 100 % 100 %

— A preceding /H/ and beginning of word rules are found to be very good predictors, achieving a

100% accuracy.

— Contextual velars are mostly very effective, all achieving accuracies higher than 85 %, except for

the /W/ phoneme, which is fully inaccurate.
o KIT3+

— This rule is modelled after the KIT3 environment definitions.

— However, the environments that are described in the literature do not have many occurrences in the
data. In fact, only two palato-alveolars featured: /SH/, which had three occurrences, all correctly
predicted (only one of which is predicted redundantly), and /JH/, which had only one occurrence,

which is also correctly predicted.

— Lanham and Traill (1962) mention that there may be an intervening /N/ before a palato-alveolar,
and that in that case the palato-alveolar would still have the same effect. Thus, one adjustment is
made to the KIT3 definition: The addition of a possible intervening /N/ phoneme (described below),
which required the the full set (the /IH/ phoneme, and intervening /N/ and the palato-alveolar) to
occur within one syllable. This change causes the number of occurrence of /JH/ to increase to three,
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which are still fully correct.
e KITS

— This rule is modelled after the KITS environment definitions, no adjustments are made to the known
definition.

— A following /L/ and /R/ do not perform well, neither managing an accuracy over 25 %.

— Contexts of labials do not perform well either, all achieving between 30 % and 70 % accuracy.
e KIT6

— This rule is modelled after the KIT6 environment definitions, no adjustments are made to the known
definition.

— A following tautosyllabic /L/ achieved quite a low accuracy of 50 %.

— A preceding /W/ achieved a 100 % accuracy.

6.4.2 SELECTED ADAPTATION RULES

Once the known rules have been analysed, the most accurate and applicable environments need to be selected
and adapted to form the known adaptation rule set. This system is required to be as accurate as possible because
it would then be utilised in order to find new rules that complement the known ones. If too many inaccurate
rules are implemented, the resulting entries that the new rule system must manipulate would be more difficult
to analyse, because the adaptations that the /IH/ phoneme instances require will not be natural. The accuracy is
not the only selection factor. However, if the accuracy is high the applicability of a rule is also manually tested
on the bigger set to ascertain whether the smaller set results may be deceiving.

The rules that are selected as the strongest candidates are listed below. The accuracy and applicability of

the other rules are not high enough to warrant implementation.

o KIT2+ This rule achieves very high accuracies, with the exception of the velar /W/, which is removed
from the rule definition. Although the redundance free accuracies are not always that high, this simply

means that with other rules eliminated, KIT2+ will be able to make up for their absence.

e KIT3+ This rule, although having few occurrences, is quite accurate. Also, the application of this rule
on the full pronunciation dictionary is verified manually and found to be applicable.

The final knowledge-based system is implemented using the rules defined above. When no rules are ap-
plicable, the KIT vowel is more likely to be realised as an /AX/ than as an /IH/ or /EH/. Therefore instances
that do not match any of the rules are changed to /AX/, analogous to the original KIT4 rule. The final known
adaptation rule system correctly predicts the realisation of 190 KIT vowels, which gives the system an accuracy
of 71 %. A table presenting the detailed results that show the application of every rule to every word can be
found in Tables D.1 to D.4 in Appendix D.

6.4.3 FORMULATED ADAPTATION RULES

The formulated rules are designed to complement the selected adaptation rules in building a system to adapt
the British KIT vowel to the SSAE KIT vowel. The formulated rules that are selected from an investigation of

the analysis set of entries are listed below.
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e Graphemic Structure Analysis. In order to predict the pronunciations of some KIT vowels correctly,
it seems that a morphological analysis is required. The rules implemented here attempt to approximate
a morphological analysis. The graphemic structures and the phonemes they map to are analysed in the

data set and a set of adaptation environments are created.

— Word starting with EB, EM, EN or EX. In words beginning with the graphemes EB, EM, EN
and EX, the KIT vowel appears at the beginning of the word. If the the syllable containing this
combination (the first syllable) is closed, the KIT vowel may be pronounced as an /EH/ phoneme.

— Word ending with IES, IED and EYS. Word ending is also a problematic area if morphological
analysis is not applied. However, words ending in the grapheme combinations IES, IED, EYS
contain the KIT vowel as their second last phoneme, and the realisation of the KIT vowel in these
situations is always the /IH/ phoneme.

— Ending of word. When a word ends with the /IH/ phoneme, the adaptation of the phoneme tends
to keep it as an /IH/ phoneme.

— /IH/ phoneme source. When the KIT2+ rule is applied, the /IH/ phoneme can be brought about
by more than one grapheme (usually I, Y or E), and this grapheme seems to have an effect on
the realisation of the /IH/ phoneme in SSAE. When the graphemes I or Y bring about the /IH/
phoneme, the realisation is usually /IH/. When a different grapheme brings about the /IH/ phoneme,
the realisation tends to lean towards /AX/. This rule is only implemented as a refinement to KIT2+,
in order to make KIT2+ more accurate.

e Vowel Harmony. KIT vowels at the end of syllables (open syllables) tend to lean towards a realisation
of /IH/. However, simply being at the end of an open syllable does not seem to guarantee this realisation.
Vowel harmony occurs when a vowel is assimilated with the vowel following it, even though there may
be intervening consonants. English is not a language that is known to contain vowel harmony. However,
an analysis of the development set suggests that vowel harmony is at least partially present in SSAE.
Entries that are already adapted are not included in this analysis. (This means that only those KIT vowels

that have not yet triggered any rules are considered for further adaptation.)
— Vowel Harmony /AX/ due to /AX/. Words containing an /AX/ phoneme as the closest following
vowel to the KIT vowel, tends to make the KIT vowel become an /AX/ phoneme as well.

— Vowel Harmony /IH/ due to /EY/ adjacent. Words containing a /EY/ phoneme adjacent to the
KIT vowel, tend to make the KIT vowel realise as /IH/.

— Vowel Harmony /AX/ due to /EY/ not adjacent. If an /EY/ phoneme is not adjacent, it makes the
KIT vowel tend to be realised as an /AX/ phoneme.

— Non Vowel Harmony /AX/. Words that are not edited by the other vowel harmony rules are
mapped to /IH/. This is because /IH/ phonemes at the end of open syllables lean towards a realisa-
tion of /IH/, and most of the vowel harmony rules are aimed towards a realisation of /AX/.

6.4.4 FINAL ADAPTATION RULES

The formulated rules are implemented together with the selected adaptation rules to form the final rule system.
The rules are implemented in the following order for each instance of an /IH/ phoneme (the order establishes

interactions):

1. Firstly, the Word starting with with EB,EMLEN or EX rule is applied. If this rules is applied to a word,

no other rule is applied.
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2. A group of rules is now applied, and their output predictions are compared. If any single rule predicts a
/TH/ phoneme realisation of /IH/, the phoneme is kept as /IH/. If any of these rules are applied, no further

rule is evaluated. These rules are:

KIT2+ and within it /IH/ phoneme source,
e KIT3+, and

First in word.

e Word ending with IES, IED or EYS is then applied.

e Ending of a word is applied.

3. The vowel harmony rules are applied to open syllables containing the KIT vowel. Vowel Harmony /AX/
due to /AX/, Vowel Harmony /IH/ due to /EY/ Adjacent and Vowel Harmony /AX/ due to /EY/ not

adjacent are applied together.

4. Finally, any remaining KIT vowels are realised as /AX/.

6.4.4.1 RULE SET ANALYSIS

The formulated rules were implemented together with the selected adaptation rules to form the final adaptation
rule system. The final adaptation system implements both selected adaptation rules and formulated adaptation
rules. The system correctly adapts 243 pronunciations of the KIT vowel, making it 95 % accurate. The detailed
results for every entry in the analysis list as well as every adaptation can be found in Tables D.5 to D.8 in
Appendix D. A full table showing all the results for the different adaptation rule systems is shown in Table
6.3. The table lists the number of entries that the rules are applied to (the /IH/ phonemes not edited by rules
are adapted to the /AX/ phoneme), the number of correct entries, and percentage of correct entries. (This

percentage is calculated using the total number of /IH/ phonemes, which is 259.)

e The accuracy of the original known rules is slightly lower than the accuracy of the adapted known rules.
This is due to the fact that only the rules with the highest accuracies and applicability rates are selected

for implementation in the adapted known rule set.
e The formulated rule system and the adapted rule system obtain similar accuracies.

e However, together the formulated rule system and the adapted rule system complement each other and

cooperate to adapt the /IH/ phoneme with a 95 % accuracy.

Table 6.3: Results comparison of /IH/ adaptation for known, selected and final adaptation rule systems

| Rule system Adaptation | # entries | # correct | % correct |

Known Rules Original 259 184 71 %
Selected Adaptation Rules | 259 190 73 %
Final Adaptation rules 259 245 95 %

6.4.4.2 ANALYSIS OF ERRORS

Sixteen errors are made by the final adaptation rule system. All the erroneous words and their correct pronun-

ciations are listed below, and if the cause of the error is known it is discussed as well.
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Table 6.4: Incorrectly predicted words in final adaptation rule system

Number | Predicted Pronunciation Correct Pronunciation Comments

1 | BIYAETIHF AY BIY AET AXF AY The pronunciation of this
word is ambiguous. (It is not
used in everyday language
and is thus difficult to anno-
tate.)

3| KLAHMZAXN AXS KLAHMZIHN AXS Morphological snalysis is
required to predict this pro-
nunciation correctly. (Base-
word: Clumsy)

4 | DIYMAEGNIHTAYZD | DIYMAEGNAXTAY ZD | Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Magnet)

S| EHLIHFAENTAYN EHLAXFAENTAYN -

6 | JHIHNEHRIHKAXLIH | JHAXNEHRIHKAXLIH | -

7| GIHLIHMOHTS GIHLAXMOHTS The pronunciation of this
word is ambiguous.

8 | MIHTAELIHK MAXTAELIHK Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Metal)

9| MAHZIHLIH MAHZ AXLIH Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Muzzle)

10 | NAASTIHLIH NAASTAXLIH -

11 | PERSIHVIAD PERSAXVIAD -

12 | PIHTIHNG PAXTIHNG Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Pit)

13| RIHSTOHRAXTAXVZ | RAXSTOHRAXTAXVZ | The pronunciation of this
word is ambiguous.

14 | SIHD Y UH SIH NG SAX DY UH S IH NG -

15| SIHLEHKT SAXLEHKT The pronunciation of this
word is ambiguous.

16 | WIHPIAR WAXPIAR Morphological analysis is

required to predict this pro-
nunciation correctly. (Base-
word: Whip)
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6.5 VERIFYING RESULTS USING THE VALIDATION SET

Once the final set of rules is developed, the full adaptation rule set is implemented on the validation set of
the CELEX pronunciation dictionary. Once the selection is complete, double and hyphenated words are split.
The list contains 259 instances of the /IH/ phoneme. After inspection, one of the two sets is selected as the

validation set.

6.5.1 INTER-SPEAKER AGREEMENT

This list is annotated by two informants, both of whom are first language English speakers with linguistic
backgrounds between the ages of 35 and 45, who reside in Gauteng. Out of a total of 198 words, the speak-
ers disagreed on 5 pronunciations. The speakers thus agreed on 97.5 % of the pronunciations that they la-

belled.(Labelling was performed independently.)

6.5.2 RESULTS

Table 6.5 depicts the results of the full adaptation rule set when applied to the validation set of the pronunciation
dictionary. The detailed table of results can be found in Tables D.9 to D.12 in Appendix D. The final number

of correct entries is 241, which equals an accuracy of 93 %.

e The adaptation rules perform similarly to their performance on the development set.

e Many rules achieve 100 % correct rate (excluding redundancies), including KIT3+, Word starting with
EB, EM, EN or EX, Word ending with IES, IED or EYS and Ending of a word.

e Some rules do still require (further) refinement. These include the Beginning of word and /IH/ phoneme

source.

e One rule is not tested on the validation set, Vowel Harmony /IH/ due to /EY/ Adjacent. This rule
therefore remains unverified. However, it achieved perfect performance on the development set, and can

thus be assumed to be trustworthy.

Table 6.5: Results of /IH/ adaptation using the final adaptation rule set

| Rule Implemented | #entries | # corr [ #redun [ % corr | % corr - redun |
KIT2+ 86 82 7 95 % 87 %
KIT3+ 7 7 1 100 % 86 %
Word starting with with EB,EM,EN or EX 5 0 100 % 100 %
Beginning of word 25 19 4 76 % 60 %
Word ending with IES, IED or EYS 6 1 100 % 83 %
Ending of a word 29 29 1 100 % 97 %
/TH/ phoneme source 0 63 % 63 %
Vowel Harmony /AX/ due to /AX/ 18 16 0 89 % 89 %
Vowel Harmony /IH/ due to /EY/ Adjacent 0 N/A N/A
Vowel Harmony /AX/ due to /EY/ not adjacent | 6 5 0 83 % 83 %
Non Vowel Harmony /IH/ 24 20 0 83 % 83 %

All the erroneous words and their correct pronunciations are listed below, and if the error cause is found it

is included as well.
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Table 6.6: Incorrectly predicted words in validation set

Num | Predicted Pronunciation Correct Pronunciation Comments

1| HAHSKIHAXST HAHSKIHEHST Possible reference set error.

2 | HAABAXNJHAXR HAABIHNJHAXR The pronunciation of this
word is ambiguous. (It is not
used in everyday language
and is thus difficult to anno-
tate.)

3 | AEPIHTAY ZIH NG AEPAXTAY ZIH NG -

4 | IHZREYLAXZ IHZREYLIHZ Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Israel)

5| DAXSAXNTERMAXNT | DAXSIHNTERMAXNT Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: In )

6 | IHPIHT AXMIH EHPAXTAXMIH The first KIT vowel pronun-
ciation is ambiguous. The
second KIT vowel has been
made an /AX/ by the pro-
ceeding /AX/ incorrectly.

7 | DIHSTIHNG K SHAXN DAXSTIHNGK SHAXN -

8 | RAXMEY NIHNG RIHMEY NIH NG The pronunciation of this
word is ambiguous.

9 | REHPTIHLIANZ REHPTAXLIANZ -

10 | PAXNCHIHNG PIH N CH IH NG -

11 | WAYFLAXAXST WAYFLIHEHST Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Wife )

12 | WAXND?Z WIHND?Z -

13 | BIHCH AX N AXS BIHCHIHN AX S Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Bitchy )

14 | SPRAYTL AXNAXS SPRAYTLIHNAXS Morphological analysis is
required to predict this pro-
nunciation correctly. (Base-
word: Sprightly)

15| MAESIHDOWNYAXNZ | MAESAXDOWNYAXNZ | -
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6.6 ASR SYSTEM RESULTS

An ASR system, as described in Chapter 4, is trained and tested using the adapted dictionary. The phone
accuracy of the system is 79.7 % and the word accuracy is 64.5 %. These accuracies are comparable to that
achieved by the baseline system. (The phoneme accuracy is slightly but significantly higher than that achieved
with the baseline system.)

6.7 CONCLUSION

In this chapter, a set of adaptation rules is developed and implemented on a British English pronunciation
dictionary in order to adapt the KIT vowel to Standard South African English. The adaptations developed are
93 % effective in predicting the SSAE pronunciations. The simple environmental rules that are implemented are
not always sufficient in modelling the phenomena in the data, and it is expected that more complex techniques
such as morphological analysis could result in adaptation that is close to perfect.

One issue encountered with SSAE is that with so many allophones of the KIT vowel existing, the pronunci-
ations of certain words can become ambiguous. Examples of such words include DECEIT and REMAINING
that may have two valid pronunciations, each. SSAE is constantly mutating, affected by the varieties of SAE. It
is thus not always possible for an annotator to label the pronunciations of words unambiguously. However, the
adaptations that are implemented successfully adapted most pronunciations to what is judged to be the closest
phoneme to the pronounced allophone.

The final output of the process of adaptation is a pronunciation dictionary with accurate and consistent
SSAE pronunciations for the KIT vowel. This dictionary is implemented in an ASR system, and results in a

slight improvement of the phoneme accuracy of the system.
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CONCLUSION

7.1 INTRODUCTION

The aim of the experiments undertaken in this thesis was the development of a SSAE pronunciation dictionary
using a British pronunciation dictionary as a source. The steps undertaken in order to reach this aim were the
verification of a British pronunciation dictionary, the analysis of the phoneme distinctions in the pronunciation
dictionary, and finally the adaptation of the KIT vowel from British English to SSAE. In this chapter each of
these steps is discussed as well as their ability to reach the goals for which they were designed.

7.2 SUMMARY OF CONTRIBUTION

This thesis was able to develop a SSAE pronunciation dictionary for ASR system implementation. Three
separate sets of techniques were developed for the verification, validation and adaptation of a pronunciation

dictionary. These techniques are described below.

7.2.1 DICTIONARY VERIFICATION

Automatic and semi-automatic pronunciation dictionary verification techniques were investigated and a number
of novel techniques were developed and implemented (Martirosian and Davel, 2007). Methods were analysed
with regard to their effectiveness in verifying the BEEP dictionary as well as their predicted ability to generalise
to other dictionaries. This experiment used both simple and complex analysis techniques: Simple techniques
such as comparing the length of words and their pronunciations and complex techniques including the align-
ment of words and pronunciations and the analysis of their phonemic and graphemic nulls. Although the
analysis of generation restriction rules was very efficient, it is only applicable when looking for erroneous pro-
nunciation variants. The analysis of graphemic nulls was the best method investigated, as it is able to identify
the most errors, perform efficiently and is likely to generalise well to other pronunciation dictionaries.

The number of errors identified (5 553) was surprisingly large for a fairly widely used pronunciation dic-
tionary. Manual analysis of a random selection from the dictionary indicated that approximately 60% of all

conclusive errors were removed.

53



CHAPTER SEVEN CONCLUSION

7.2.2 DIPHTHONG ANALYSIS

Phoneme distinctions were analysed from an ASR point of view through the analysis of diphthongs in SSAE
(Martirosian and Davel, 2008). This study analysed knowledge-based and data-driven methods of splitting
diphthongs into the phonemes that they are constructed from. The study found that splitting the diphthongs
into their defined British English pronunciation phonemes did not deteriorate system performance. Thus the
phoneme distinction requiring diphthongs to exist in SSAE was found to be unnecessary from an ASR perspec-
tive. This was a surprising result because diphthongs make up a substantial part of the phoneme system.

Our initial investigations were complicated by the confusability between diphthongs and vowel pairs, and

this effect can now be circumvented without compromising the precision of the results.

7.2.3 KIT VOWEL ADAPTATION

Finally, a set of rules was developed in order to adapt a British English (BE) pronunciation dictionary to
SSAE. The experiment was performed through the implementation of the SSAE ‘KIT split’ on the British
English pronunciation dictionary. The KIT vowel was specifically selected as the ‘KIT split’ is one of the
most significant differences between BE and SSAE. The study found that a set of rules can be implemented
to accurately adapt the KIT vowel BE to SSAE. Also, the experiment produced new ideas with regard to how
the KIT vowel is affected by the phonemic structure of a word due to vowel harmony, and the graphemic
structure thereof due to structural combinations. The set of adaptation rules that was developed, consisted of
linguistically motivated rules (these only achieved a 71 % accuracy in development) which were complimented
by a new formulated rule set, that brings the total accuracy up to over 90 % on both the development set and an
independent validation set.

The final product of this experiment is a BE dictionary with all KIT vowels adapted to SSAE. While initially
developed from an ASR perspective, it is expected that this pronunciation dictionary will be particularly useful

in the text-to-speech domain, as well.

7.3 FUTURE WORK

This thesis has only begun the exploration into the topics of dictionary verification, phoneme distinction anal-

ysis and pronunciation dictionary adaptation. Further directions in these fields of research are discussed below.

e Dictionary verification techniques were analysed in this thesis. However, with additional data the tech-
niques that were developed could undergo additional analysis, especially with regard to their adaptiveness
to new environments. Through the implementation of the verification techniques on different pronuncia-
tion dictionaries, possibly in different languages, the typical mistakes made by pronunciation dictionary
developers can be found and prevented, thus allowing the process of the development of pronunciation

dictionaries to be more efficient with little extra effort.

e Phoneme distinction analysis was also implemented in this thesis, and this method can also be utilised
well in other languages. For example, the affricates that exist in the Bantu languages can definitely be
analysed in this manner, and if the method is successful in splitting the affricates the development of
comparable ASR systems for these languages will require less data to achieve the same accuracy, which

is important for resource scarce languages.

e The adaptation of the KIT vowel for SSAE was implemented in this thesis. Although the KIT vowel
experiences the most variation and is characteristic of SSAE, other phonemes can be analysed to at-

tempt to improve the accuracy of the SSAE pronunciation dictionary further. Specific examples include
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the merging of the LOT and CLOTH vowels, as well as the splitting of the GOOSE vowel. In addi-
tion, morphological analysis may be useful in refining the adaptation rule produced for the KIT vowel.
Furthermore, once a dictionary is successfully adapted from British English to SSAE, methods of semi
automatic adaptation can be implemented, thus allowing dialects with small usage groups to develop
ASR systems for their own native dialect.

74 CONCLUSION

This thesis has implemented a number of techniques required for the successful adaptation of a British English
pronunciation dictionary to SSAE. Specifically, new results were obtained related to dictionary verification,
phoneme redundancy analysis and phoneme adaptation. Final results include both a number of novel techniques
and a practically usable SSAE pronunciation dictionary.

ASR technologies are very effective in disseminating information and providing services to people that may
not have access to alternative infrastructure. It is thus important to develop techniques that support researchers
in rapid dialect adaptation, in order to provide information services to a larger user group in an affordable way.
This thesis provides insight into the process of dialect adaptation of a pronunciation dictionary and discusses

some additional avenues for future exploration.
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APPENDIX A

THE ARPABET PHONE SET

The ARPAbet phone set was developed as part of the ARPA Speech Understanding project (1971-1976), and
is included with the TIMIT speech corpus (Garofolo ez al., 1993). A more limited set using only 44 of the

ARPABET phonemes was used for the BEEP pronunciation dictionary.

Table A.1: The BEEP ARPAbet phone set

phoneme | example | phoneme | example
104 beat L led
IH bit R red
EH bet Y yet
AE bat A\ wet
AX the M mom
AH butt N non
uw boot NG sing
UH book CH church
AO horse JH judge
OH cot ZH measure
AA bath SH shoe
ER bird B bob
EY bait P pop
AY bite D dad
oy boy T tot
AW bout G gag
ow goat K kick
EA air Z 700
UA cure S sis
1A near \" very
F fief
DH they
TH thief
HH hay
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DICTIONARY VERIFICATION RESULTS
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Table B.1: Sample of removed entries in pre-processing step

Word Pronunciation
G.B. JHIYBIY
DETENTE DEYTAANT
DEMARCHES DEYMAASHIHZ
AR EY AX
EHLIY EY
EHNEHSPIYSIYSIY
BIYEY
DOHKTAXR
JHEYPIY
JHIYSIY YEYCHKY UW
JHIY YEHMBIY
P.G. EHMPIY JHIY
C.1D. SIYAYDIY
SEANCES SEYAANSIHZ
BETES_NOIRES BEHTN W AA
PROX. PROHKS
D..N.-A. DIY EHNEY
CREME-DE-MENTHE KREHMD AX M OH N TH
BLASE BLAAZEY
INGENUES AENZHEYNYUWZ
Y. M..C..A. WAY EHMS 1Y EY
P.L.O.D. PIYYEHLOWDIY
P.O.WS PIYOWDAHBLYUWZ
N..T. EHNTIY
L.T.V. AYTIY VIY
T.R.A. AY AAREY
M._ALR. EHMEY Y AY AX
REGIMES REYZHIYMZ
G.K.N. JHIYKEY YEHN
&AMPERSAND AEMPERS AEND
L.P. EHLPIY
U._V.E YUW VIYEHF
CREPE KREY P
C.0.D. SIYOWDIY
DO. DIHTOW
F..E..R. EH F AX
SOUP;CONS SUWPSOHNZ
MESALLIANCE MEYZAELIHAANS
G..N._P. JHIHEHNPIY
S. EHS
PUREES PYUAREYZ
T JHEY
P.G.A. PIY JHIY EY
CHARGE SHAA ZHEY
U.N.S YUWEHNZ
LAME LAAMEY
VIS-A-VIS VIYZAAVIY
CURACOA KY UARAX S OW
DEBACLES DEYBAAKLZ
APPLIQUE AEPLIY KEY
V.H.F VIY EY CHEHF
H._.V..O. EYCHVIY Y OW
COMPERES KOHMPEAZ
LYCEES LIYSEYZ
SAUTEING SOW TEY IH NG
B.S.E. BIY YEHSIY
MRS. MIHSIHZ
D'ETRE DEHTR AX
V.P. VIYPIY
7S ZEHDZ
MELANGES MEYLAANZHIHZ
N..C.0. EHN S IH OW
S..S. EH S EH S
CORTEGE KAOTEY ZH
L.L.B. EHLEHLBIY
VICU NAS VIHKY UWNAX?Z
TETE-A-TETE TEYTAATEYT
SEHNY AOR
EHMBIY
R.S.1L AAREHS AY
FA;CADE FAXSAAD
RECHERCHE R AX SH EA SHEY
PROTEGEES PROHTIHZHEY Z
PREMIERE PREHMIHEAR
G..P’S JHIYPIYZ
P_A. PIY EY
R-AS AAREY Z
AN.C. EY YEHNSIY
E.R.M.S IYYAAREHMZ
V.I.PS VIYAYPIYZ
FIANCEES FIHOHNSEY Z
P_O_W. PIYOWDAHBLY UW
SCENE SEYN
P.L.O. PIY Y EHL OW
SAUTES SOWTEYZ
L..E..A._R. EHLIY EY AXR
AUTOS-DA-FE AOTOW ZD AAFEY
DEBUTS DEYBYUWZ
B..S. BIYEHS
C.J.D. SIYJHEYDIY
O.T. OW T1Y
ABBE AEBEY
ARRIERE_PENSEES AERIHEAPOHNSEYZ
B.B.C.S BIYBIYSIYZ
PATES PAETEYZ
P_T.A. PIYTIYEY
F.A.0O. EHFEY OW
PORTIERES PAOTIHEAZ
CLICHE KLIY SHEY
S.N.P. EHSEHNPIY
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Table B.2: Sample of removed entries during removal of repeated phonemes

Word P iati
MAMMALIANS MAXMMAALIANZ
MAXSON'S MAEKSSAHNZ
INVESTTECH IHNVEHSTTEHK
TIPPER’S TIHPPERZ
COAT-TAILS KOWTTEYLS
UNKNOWN AHNNOWN

SHIRER SHAY AX AXR
BELLINO BEHLLAY NOW
CHITTEL CHIHTTEHL
MADERER MEY D AX AX
LATHERER L AADHAX AX
LEPERER LEHP AX AX
SPATULAR SPAETY UHL AX AX
SOULLESSLY SOWLLAXSLIY
PINNELLS PIHNNEHLZ
WITTENHAM'S WIHTTEHNHHAEMZ
POPPEA’S POHPPIYZ
HUBBART HHAHBBAAT
FETTERERS FEHT AX AXZ
HIBBARD HHIHBB AAD
BOULDERERS BOWLDAXAXRZ
HAMMACHER’S HHAEMMAEKHHERRZ
CHAFFERER CHAAF AX AX
MACKEY MAEKKIY

TESTAR TEHSTAX AX
HUCKSTERER HHAHK S TAX AX
PAXSON’S PAEKSSAHNZ
VULGARER VAHL G AX AX
HALLIER’S HHAELLAY AAZ
RUTTER’S RAHTTERZ
POT-TRAINED POHTTREYND
TORRINGFORD TAORRIHNGFAO D
TAIL-LIGHT TEYLLAYT
BRANNON’S BRAENNOHNZ
HIBBARDS HHIHBBAADZ
TAMPERER TAEMP AXR AX AX
WHITTINGALE WIHTTIHNGGEYL
DIMWITTEDNESS DIHMWIHTTEHDNEHS
TROWELLED TR AW AX L L EHD
VALLEE’S VAELIYIYZ
HODDING HH OH D D IH NG
PUTTERER PAHT AX AXR
SHOTTING SHOH T T IH NG
ADMITTER AXDMIHTTER
FOPPIANO FOHPPIHAEN OW
LIPPERTS LIHPPERTS
UNPLAINNESS AHNPLEYNNAXS
NILLED NIHLLEHD
PENGASSAN PEHNGAESSAEN
GADDIE GAEDD AY IY
‘WARRANTECH’S WAORRAENTEHKS
WAITT’S WEYTTIYZ
GUNNELLS GAHNNEHLZ
LOCKETT’S LOHKIHTTIYZ
LIPPARD’S LIHPPAADZ
REVICTUALLING RIYVIHTLLIHNG
LETTIER LEHTTIA

POSTURER POHS CHAX AXR
‘WHITTON’S WIHTTAHNZ
HATTING HH AET T IH NG
DADDIE DAEDD AY IY
KANSAS_CITY KAENZAXSSIHTIY
SENNETT SEHNNEHT
KILOMETRER KIHLAXMIY TAX AXR
WOOLLIES WUHLLAYZ
GAULLISTS’ GAOLLIHSTS
TAPPET TAEPPEHT
SUPPORTOR SAHPPAOTOW AXR
SOFAER S OW F AX AX
UNNOTIFIED AHNNOWTIHFAY D
SITTIN SIHTTIHN
PANTERER PAENT AX AX
MODERNNESS MOHDNNEHS
CADDELL KAEDDEHL
PARCELLATED PAASLLEYTIHD
CURETTING KYUAREHTTIHNG
REAPPORTIONMENT’S RIYPPAOSHAXNMAXNTS
HEMINGER M MIHNG AX
SLAYABLE SLEYEYBL

NETTIE NEHTTAY
HALLENSTEIN HHAELLEHNSTAYN
LOBBAN LOHBBAEN
PICTURER P IH K CH AX AX
HAMMAD’S HHAEMMAEDZ
STRUTTER’S STRAHTTERZ
BITTEL BIHTTEHL
SHAMMAR SHAEMM AA CH
RICKETT’S RIHKIHTTIYZ
JUSTICAR JHAHS TIHK AX AX
COPPLED KOHPPLEHD
FITTON FIHTTAHN
CLUBBIER KLAHBBIA
VOLLACK VOHLLAEK
MILLERANDAGE MIHL AX AXNEY JH
SCATTED SKAETTEHD
FIGURERS FIHG AXAX7Z
SCAMPERER SKAEMP AX AX
CHITTENDEN CHIHTTEHNDEHN
RENTAR REHNTAXAXR
PARKARD PAAKAX AXD
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Table B.3: Sample of removed entries during the analysis of lengthened pronunciation

Word P i

INSTRUCTD IHNSTRAHKTIHD
NAZIS NAATSIHZ

METZ’S MEHTSIHZ

GRANN’S GRAENEHNZ

BUMPTY BAHMPIYTIY W AY
WARK’S WAORKEYZ

KOBLENZ KAXBLEHNTS
SECULARIZES SEHKYAXLAXRAYZIHZ
SENORITAS SEHNYAORIYTAXZ
SKUNKY'S SKAHNGKWAY Z
PUMPS’S PAHMPSIHZ

MONOD’S MOHNOWDIYZ

AHAB’S AAHHAABIYZ

LEMONS’S LEHMAXNZIHZ
STEMM’S STEHMEHMZ

SONY’S SAHNWAYZ

SUNY’S SAHNWAYZ

RUGG’S RAHGIHIY Z
SUPREMACISTS’S SUHPREHMAXSIHSTSIHZ
PUBLICIS’S PAHBLIHSIHSIHZ
UNIVER YUWNIHVERSIHTIY AX
CRUX’S KRAHKSIHZ

TUNG'S TAHNIJHIY Z

LOCUS’S LOWKAXSIHZ

ANTES’S AENTIHZIHZ

SPUDS’S SPAHDZIHZ

CARICOM’S KAERIHKOWEHMZ
STANDS’ STAENDAXDZ
BOLING’S BAXLIHNJHIYZ
NIMBUS’S NIHMBAXSIHZ

AKINS’S AXKIHNZIHZ

SIND’S SIHNDIY Z

BOLDT’S BOWLDTIYZ

PROST’S PROWZTIYZ

CANTV’S KAENTVIYZ

MARV’S MAACHVIYZ

DEPT’S DEHPTIY Z

FLAMM’S FLAEMEHMZ
ABRAHAMS'S EYBRAXHHAEMZIHZ
MAXX'S MAEKSEHKSIHZ
TALBOTS’S TOHLBAXTSIHZ
TRICON’S TRIHKOWEHNZ

ERIS’S EHRIHSIHZ
UNCLASSABLY AHNKLAESITHFAY AXBLIY
MARONEY’S MAACHWAHNW AY Z
MINSKY’S MIHNSKWAYZ
WOLFERT’S WUHLFAXRTIYZ
GRISTY’S GRIHSTWAY Z

SABA’S SAEBAXBAXZ
ECOSTAR’S IYKOWSIHSTAXAAZ
ALSOP’S AOLSOWPIYZ
DATAPRODUCTS’S DEYTAXPROHDAHKTSIHZ
LOFTUS’S LOHFTAXSIHZ
ANTRIX’S AENTRIHKSIHZ
LANDIS’S LAENDIHSIHZ

GOLDY’S GOWLDWAYZ

UNIVER YUWNIHVERSIHTIY AXR
RADOVAN’S RAEDOW VAXEHNZ
SENORA SEHNY AOR AX

SOLOW’S SOWLOWDAHBLYUWZ
SILICONIX’S SIHLIHKOWNIHKSIHZ
BURL'S BERREHLZ

DAGON’S DEYGOWEHNZ

COTY’S KOHTWAY Z
COLOMBUS’S KAXLOHMBAXSIHZ
HASKINS’S HHAEZKIHNZIHZ
DONEGALL’S DOHNIHGAOLEHLZ
Y’'S WAY Z

POPS’S POHPSIHZ

GOLDMANN'’S GOWLDMAENEHNZ
SPECTOGRAM SPEHKTROWGRAEM
REGULATORY’S REHGYUHLEYTAXRWAYZ
PELVIS’S PEHLVIHSIHZ

IT'S’S IHTSIHZ

LUPUS’S LUWPAXSIHZ

FRIZ’S FRIHZIHZ

ERADES’S IARAXDEHZIHZ
ABACUS’S AEBAXKAXSIHZ
MINISTR MIHNIHSTAXR
DELEON’S DIYLIYOWEHNZ
PROPAGANDISE PROHPAXGAENDAXDAY Z
ALFREDOR AELFRIYDUW AXR
LINSKY’S LIHNSKWAY Z
UNGERER’S AHNJHEHNAXRAXZ
CARY’S KAARWAY Z

PENN’S PEHNEHNZ

DESANTIS’S DEHZAENTIHSIHZ
GENDIS’S JHEHNDIHZIHZ

JOSEF’S HHAXZEYEHFS

ELECTD IHLEHKTIHD

MITRER MAY TAXRAXR
ROSING’S ROHZIHNIJHIY Z
APRICATION EYPRIHVAERIHKEY SHN
IMPRECATIVES IHMPRIHDIHKAXTIHVZ
BURB’S BERRBIYZ

SALZ’S SOHLTSIHZ

WALRUS’S WAOLRAXSIHZ
LANDS’S LAENDZIHZ

STANDRIN STAENDAXRIHN
BIOMETR BAYOHMIHT AXR
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Table B.4: Sample of removed entries during graphemic null analysis

Word Pronunciation

VERSOR VER S OW AX

SO-AND-SOS SOWAXNSOWZ
ZOOPHYTES ZOWAXFAYTS

PANDOR P AEND OW AX

VIGOR VIY G OW AX

ECHOER EH K OW AX

ROWAND ROW AXND

SALVORS SAELVOWAXRZ
COALITION’S KOWAXLIHSHNZ
PRATOR PR AATOW AX
STUCCOERS STAHKOW AXZ
LEGATOR LIHG AATOW AX
INCENTOR THNG KEHNT OW AX
VERSOR VER S OW AX R
FEATHER-BOA FEHDH AX B OW AX
MELLOR MEHL OW AX R
CARLINOR KAARLAY NOW AXR
TRANTOR TRAENTOW AXR
MELLOR MEHL OW AX

HEYBOER HHEY B OW AX R
OBLIGATORS OHBLIHGAATOW AXZ
BOAK’S BOWAXKEYZ

VETOER VIYTOW AXR
THEATRE-GOERS THIAT AXGOW AX Z
CLAMBOR KL AEM B OW AXR
BOERINGER B OW AX TH NG AX
PSYCHOANALYSISTER SAY KOWAXNAELAXSIHSTER
SANDOR SAENDOW AXR
JEROBOAMS JHEHR AXB OW AXMZ
POTATOR PAXTEY T OW AX
BOA-CONSTRICTOR BOWAXKAXNSTRIHKTAX
BOALES BOW AXLEHZ

SAMOA’S SAXMOW AX Z
ALLOWABLE AXLOWAXBL
AFRO-AMERICANS AEFROWAXMEHRIHKAXNZ
ZOOLOGIC ZOW AX L OHJHIH K
LENTOR LEHNTOW AX

TAMBOR T AEM B OW AX

BOER B OW AX R

TRUSTOR TRAHSTOW AX
GOERGENS GOWAXJHEHNZ
SALVORS SAELVOW AX7Z
FORGOER FAOGOW AXR

LEGATORS LIHGAATOWAXRZ
VETOER VIY TOW AX

GOER’S GOW AX Z
BOA-CONSTRICTOR BOWAXKAXNSTRIHKTAXR
MOABITES MOWAXBAYTS
PROTOZOA PROW T AXZ OW AX
PATIOR PAETIY OW AX
THEATRE-GOER THIAT AX G OW AX
CHURCHGOERS CHER CHG OW AX Z

BOA B OW AX

HEMATOZOA HHEHM AX T AXZ OW AX
HEMATOZOON HHEHM AXT AXZOW AX N
BANCOR B AENG K OW AX R
PSYCHOANALYSIS SAYKOWAXNAELAXSIHS
SAMOAN S AXMOW AX N
COMBUSTORS KAXMBAHSTOWAXZ
SANTOR SAENT OW AX

BLONDOR BLOHNDOW AXR
TEMPOR T EHMP OW AX R
ZOOPHYTE ZOWAXFAY T
GO-AS-YOU-PLEASE GOWAXZYUWPLIYZ
ADMINISTRATIORS AXDMIHNIHSTREY SHIY OW AXZ
PRATOR PRAATOWAXR
DOUGHER D OW AX

ZOOLITE ZOWAXLAYT
SAMBORSKI S AEM B OW AXR S K1Y
ROWAN’S ROWAXNZ

OPERATIORS OHPAXREY SHIY OW AXZ
AVOWAL AXVOW AX L

ADJUSTOR AXJHAHSTOW AX
ECHOERS EHKOW AXRZ
PROABORTION PROW AX B AO SHN
COADJACENTLY KOWAXJHEY SAXNTLIY
TANGOR T AENG G OW AX R
LEXICOR LEHK S IHKOW AX
VIGORS VIY GOWAXRZ
CANTICOR K AENTIHK OW AX
COALESCENT KOWAXLEHSNT

O’ER OW AX

COALESCE’S KOWAXLEHSIHZ
SANDORD SAENDOW AXRD
BOATABLE BOWAXTEYBL

ALLOA AEL OW AX

VIGOR VIY GOW AXR
COADJACENT KOWAXJHEYSNT
AVOWALS AXVOWAXLZ
SPERMATOZOONS SPERMAXTAXZOWAXNZ
BOER B OW AX

SANDOR S AEN D OW AX
COALESCENCES KOWAXLEHSAXNSIHZ
FALDOR FAELD OW AX

TROPER TROW AXR

FOREGOER F AO G OW AX

FRESCOER FREHS KOW AX R
LEGATORS LIHGAATOW AXZ
CHURCHGOER CHER CH G OW AX
ROWAN-TREES ROWAXNTRIYZ
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Table B.5: All entries removed during the analysis of lengthened spelling

Word

P

COUCHETTES

KUWSHEHTS

PHENOMENOLOGIES

FIHNOHLAXJHIHZ

ELECTIONEERED

EH L EH K SHNG IA D

TELECOMMUNICATINS

TEHLIHKAXTIHNZ

CONTRIBUTORILY KAXNTRIHLIY
SUPERCONSEQUENCY SUWPAXRKAXNSIY
BUCKINGHAMSHIRE’S B AHKTHNG AXM SH AX Z
ESCHSCHOLTZIA IH S K OH L SH AX
PRIVATIZATIONS PRAY VEYSHNZ
LARROQUETTE’S LAAROWKEHTS
INCONSISTENCES IHNKAXNSIHZ
CHARGES_D’ AFFAIRES SHAAZHEY D AEF EA
TWOPENNY-HALFPENNY TAHPNIHHHEY PN1Y
UNPROSPEROUSNESS AHNPRAXSNAXS
INTRAVENTRICULAR IHNTRIHKY UHL AX
DERIVATIZATION DEHRIHVEY SHN
SEMITRANSPARENCY SEHMIHTRAXNSTY

UNCOUNTERACTED

AHNKAWN TIH D

PROPRIVATIZATION

PROWPRIHVEY SHN

POLYSYNTHETICISM

POHLIHSIHZAXM

CHARLOTTESVILLE

SHAALAXTSVIHL

SUBMERSIBILITY

SAXBIHLIHTIY

UNCONSCIENTIOUSNESS

AHNKOHN SHAX SN AX S

PRESENTIMENTAL

PRIHZEHNTL

SEMITRANSPARENT

SEHMIHTRAXNT

NOUVEAUX _RICHES

NUW V OW RIY SH

HUMANITARIANISES

HHYUWMAENIHSIHZ

BUCKINGHAMSHIRE

B AH K IH NG AX M SH AX

PSEUDOSCIENTIFICALLY

SYUWDOWSAY AXNTIHFIHKLIY

CHAMOIS-LEATHER

SH AEM IH L EH DH AX

CHAISE.LONGUE SHEY ZL OH NG
INSTITUTIONALISATION IHNSTIHTY UW SH AXN
MAISONNETTES MEYZAXNEHTS

AUCTIONEERING

AO K SH AX N IA TH NG

PREPRIVATIZATION

PREHPRIHVEY SHN

UNCONSCIENTIOUSLY

AHN K OHN SHAXSLIY

MUNICIPALISES

MYUWNIHSIHZ

UNPROSPEROUSLY AHNPRAXSLIY
CHAISE_.LONGUES SHEY ZLOHNGZ
IRREPRESENTABLENESS IHRIHPREHSAXBLNIHS
CHAMOIS-LEATHERS SHAEMIHL EHDH AX Z
DISPROPORTIONATION DIHSPRAXPAO SHAXN

COWPERTHWAITES

KAWPERTHWEYTS

CHANCELLORSHIPS CHAANSAXSHIHPS
MACROMANAGEMENT MAEKROWMAXNT
COURGETTES KUAZHEHTS
CORPS_DE_BALLETS KAODAX B AELEY
CAOUTCHOUCS KAW CHUHK S

ANTISEPTICIZING

AENTIHS AY Z IHNG

SCHOTTISCHE

SHOHTIY SH

INTERNATIONATIONAL

IHNTAXNAE SHAXN AX L

COUNTERCOMMERCIAL

KAWNTAXKAXMER SHL

NARCISSISTICALLY

NAASTHSTIHKLIY

FORECASTLE FOWKSL
SILICATIZATION SIHLIHKEY SHN
LAISSEZ-FAIRE LEY SEY FEA

HYPERSENSITIVITIES

HHAYPERSEHNSIHTIHZ

NIGHTSHIRTS

NAYCHERTS

INTRANSIGENCIES

IHNTRAENSIHZ

ANTISEPTICIZED

AENTIHS AY ZD

SONSONATE’S

SAHNEHTS

IRRECONCILIABILITY

IHREHKAXNSIHLIHTIY

UNAPPREHENSIBLENESS

AHNAXPRIY SHAXBLNAXS

PSYCHIATRISTRIC

SIHKAY AXTRIHK

PHENOMENOLOGISTS

FIHNOHLAXJHIHSTS

PROTESTANTISES

PROHTIHSIHZ

UNAPPREHENDABLENESS AHNAXPRIY SHAXBLNAXS
DEPRIVATIZATION DEHPRIHVEY SHN
NIGHTSHIRT'S NAYCHERTS
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Table B.6: Sample of removed entries during analysis of duplicate pronunciations

‘Word

Pr

UNCHALLENGEABLY

AHNCHEY NJHAXBLIY

SUPERINDENTENT

SUWPAXRIHNDEHNT

NARCISSIST NAASIHST
ANTARCHISTICAL AENTAAKTIHKAXL
SPECTR’S SPEHKTAXZ
UNACCELERATED AHNAEKSEHNTIHD
TORTORELLO T AOREHL OW

THURS THERZDEY

BOATSWAIN BOW SN

DISTINGUISED DIHS G AY ZD
UNSUPPURATED AHNSAXPLAANTIHD
ENERGETISTIC EHNAXJHEHTIHK
RAISEED REYZD

REPRESENTENTED REHPRIHZEHNTIHD
UNINFILTRATED AHNIHNFLEY TIHD
PATHETICLY PAXTHEHTIHKLIY
BOATSWAIN’S BOWSNZ

STICH'S STIHKS

LATERILISATION LAETAXRAY ZEY SHAXN
UNCLASSABLE AHNKLAESIHFAY AXBL

DECOLONIALISATION

DIY KOHL AXNAY ZEY SH AX N

NEGOTIATIATING

NIHGOW SHIHEY T IHNG

NONRESPONDENTS NOHNREHZIHDAXNTS
UNSUPPLEMENTED AHNSAXPLAANTIHD
NONRESISTANT NOHNREHZIHD AXNT
UNFORESEEABLENESS AHNFAOSIY AXBLNAXS
UNASCENDABLE AHNAESAXTEYNAXBL
THRUWAY THR UW W EY
UNFORDABLE AHNFAOSIY AXBL
'UNDILAPIDATED AHNDAY LY UW TIHD
THRUPUT THRUWPUHT

REPREPARATION

REHPAXREY SHN

CONTENTESTED

KAXNTEHSTIHD

IMPERISHABLENESS

IHMPRAEKTIHKAXBLNAXS

UNREPENTENT AHNRIHPEHNT
'UNASCENDABLENESS AHNAESAXTEY NAXBLNAXS
INDEPENDENDENCE IHNDIHPEHND AXN S
UNFORESEEABLE AHNFAOSIY AXBL
WRITEES RAYTS
NON-RESPONDENTS NOHNREHZIHDAXNTS
SOVRANTY SOHVRAXNTIY
NEGOTIATIATED NIHGOW SHIHEY T IH D
SPECTACULUM SPEHKYUHLAXM
UNFORFEITABLE AHNFAOSIY AXBL
HIREES HH AY AX 7
UNMEMORIALIZED AHNMEHM AXRAY ZD
ANTARCHISTIC AENTAAKTIHK
TORTORICE TAORAY S
REPRESENTENTIVE REHPRIHZEHNTIHV
IMPLAUSIBLENESS IHMPRAEKTIHKAXBLNAXS
NONRESPONDENT NOHNREHZIHD AXNT
SPECTR SPEHKTAX

SPECTACTOR SPEHKTAX
OPPOINTMENTS AXPOWNAXNTS
UNRECANTED AHNRIHSIYTIHD
MISSIPPI MIHSIHSIHPIY
UNFORCIBLE AHNFAOSIY AXBL
NONRESISTANTS NOHNREHZIHDAXNTS
NARCISSISTIC NAASIHSTIHK
'UNACCREDITATED AHNAEKSEHNTIHD
UNRECREATED AHNRIHSIYTIHD
NEGOTIATIATORS NIHGOW SHIHEY TAXZ
BREAKTHRU BREY KTHR UW
SANTANTA SAENTAX

UNACTUATED AHNAEKTIHD
UNDIVERSIFIABLE AHNDIHVAYDAXBL
UNRECUPERATED AHNRIHSIYTIHD
HIREES HH AY AXRZ

ROBOTISTIC ROWBOHTIHK

NON-RESPONDENT

NOHNREHZIHD AXNT

SUPERVISORS’

SUWPIARIAZ

CONSISTENTEDLY

KAXNTEHNTIHDLIY

SOCRATISTIC

SAXKRAETIHK

IMPRESSIBLENESS

IHMPRAEKTIHKAXBLNAXS

UNMEMORIALISED

AHNMEHMAXRAY ZD

PATHEMATICALLY

PAXTHEHTIHKLIY

SANTER

SAENTAX

UNACCLIMATED

AHNAEKSEHNTIHD

UNDIVERTIBLE

AHNDIHVAY DAXBL

PHALANSTERIANISM

FAELAXNSTAXRIHZAXM

TORTORELLI T AOREHL AY
STICHES STIHK S
UNSITUATED AHNSIHTIHD
DETENTENTION DIHTEHN SHN

SIMPLETONIANISM

SIHMPLTAXNIHZAXM

GRAMMATISTICAL

GRAXMAETIHKL

NEGATIATING NIHGEY T IHNG
ORIENTALIS AORIHEYLIHS
HYDRODROME HH AY DR OW M

KANSANS KAENZ

UNFORDABLENESS AHNFAOSIY AXBLNAXS
ANTISEPTICISES AENTIHSAYSIHZ

LE LIY

UNFORESEEABLY AHNFAOSIY AXBLIY
REPENTENT RIHPEHNT
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Table B.7: All removed entries during alignment

BRUNSON’S BRAHNZ
BUREAUCRATISES BYUARAXTIHSIHZ
DWINDLIND DWIHND
IMPUNCTUALITY IHMPY UWNIHTIY
BUREAUCRATIST BYUARAXTIHST
COMPROMITMENT KOHMIHTMAXNT
HORSER AO AX

PREMOVEMENT PRIYMAXNT
OBANDONED OW B AXN D
TRAGICOMICALITY TRAEJHIHKAELIHTIY
HORSED AOD
UNALLEVIATEDLY AHNAXLOHTIHDLIY
UNALLEVIATED AHNAXLOHTIHD
MASTERSTON MAASTAXN
PREDISMISSORY PRIYDIHS AXRIY
NEOPLASTICISM NIY OWPLAEZAXM
CAPITIVITY KAEPIHTIY
BERIBERIC BEHRIHK
SYMBIOGENESIS SIHMBIHOW SIH S
VATICANICAL VAETIHKAXL
BENTSENTO BEHNTOW
FACIATION FEY SHAXN
ABSENTMENT AEBSAXNT
PLATINATED PLEYTIHD
UNIVERSITARIO YUWNIHTEARIY OW
SEMICOMIC SEHMIHK
CUTICULARIZE KYUWLAXRAYZ
QUINQUIVALENT KWIHVAXLAXNT
INSTANTANEITY IHNSTAXNIATIY
STOMATOMY STAXMIY
ANTISEPTICISM AENTIHSIHZAXM
POLYSYNTHESISM POHLIHPSIHZAXM
CONSTANST KOHNST
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Table B.8: All entries removed due to grapheme to phoneme rule analysis

Word Pronunciation

TOWELL'S TAWAXLEHLZ
HONEYMOONSHINE HHAHNIYMUWNSTOWN
TROUBLESHOOTED TRAHBLZHHUW TIHD

MOONSHINER'S

MUWNSTOWNAAZ

UNINTERJECTED

AHNIHNTRAXSTIHD

DENATURIZATION

DIYNAECHRAXLAYZEY SHN

IRREDUCIBLES

IHRIHFYUWTAXBLZ

SELF-REFERENCE

SEHLFRIHLAY AXNS

DENATURISATION

DIYNAECHRAXLAY ZEY SHAXN

COLD-BLOODED

KOWLDHHAATIHD

PROFESSIONISES

PRAXSEHSHAXNIHSIHZ

UNAPPLICABLE

AHNAXPLAY AXBL

MOONSHINE’S MUWNSTOWNZ
MOONSHINERS MUWNSTOWNAXRZ
HORSING AO IH NG

STATISTICIZE STAETIHSAY Z
DENUMERATION DIYNYUWDEY SHN
STATISTICISM STAETIHSIHZAXM
NICKELL'S NIHKLEHLZ

MOONSHINER MUWNSTOWNAXR
HORSMANS AOMAENZ

STETHOSCOPIES STEHRIASKOHPIHZ
BLACKINGS BLAEKLEHGZ
HORSFALL'S AOFAOLZ

PRESTATION PREHZTAETAY AXN
STATISTICISE STAETIHS AY S

HORSFALL AOFAOL

UNPATROLLABLE AHNPAETRAXNIHZAXBL
BLACKING BLAEKLEHG

TWO-EDGED TUWFEYST

STATISTICIZES STAETIHSAYZIHZ
UNSTAMPEDED AHNSTAEMPTIHD
INERASABLENESS IHNIHRAEDIHKAXBLNIHS
PROFESSIONISE PRAXSEHSHAXNIHS
SEMITICISM SIHMIHTIHKIHZ AXM
UNCOMBUSTIBLE AHNKAHMFTAXBL
UNSYMPTOMATIC AHNSIHMPAXTHEHTIHK
HEATHERLANDS” HHEHDHAXRLAENDAXDZ
VORTICES VOWTAXRIHZ
SANDFORDS’ SAENDAXDZ

CHECKERIST CHEHKAXRIARIHST
BAREFOOTED B EALEHGIHD
MOONSHINED MUWNSTOWND

ELLERY’S EHLAXRWAYZ
UNPUTREFIABLE AHNPUHTDAWNAXBL

HYPERSPECULATIVE

HHAY PAXSEHNSIHTIHV

PURPOSIVENESS

PERPAXSWEYSIHVNAXS

EXPERIENCEING

IHK SPIARIANSIHNG

STANFORDS’ STAENDAXDZ
UNCOMBINABLE AHNKAHMFTAXBL
UNPALPABLE AHNPAELAXTAXBL
UNATTACHED AHNAXTEHNDIHD
HORSER AO AXR

UNINTERDICTED

AHNIHNTRAXSTIHD

HYDROPOLITICS

HHAYDRAXPOHNIHK S

UNTREADABLE AHNTRIYZAXNAXBL
PROFESSIONIST PRAXSEHSHAXNIHST
UNRECOVERABLENESS AHNREHKAXGNAYZAXBLNIHS
UNCHARTED AHNCHEHKT

PERMISSIVITY PAXMIHS AXBIHLIHTIY

UNACCREDITED

AHNAEKSEHNTIHD

NONCONFORMITANT

NOHNKAXNKOHMIHTAXNT

CYBERNETICIAN

SAY BAXNEHTIHKIY AXN

MOONSHINER MUWNSTOWN AX
INTERPAYMENT IHNTERPEHLAXNT
DISCREPANCE DIHSTERBAXNS
POETICISMS POWEHTIHKIHZAXMZ
INCONQUERABLE IHNKAXNSIYLAXBL
UNPRECIPITATED AHNPREHSIHDEHNT IHD
DELIVERERS’ DIHLIHJHAXZ
MOONSHINERS MUWNSTOWNAXZ
UNRECOVERABLE AHNREHKAXGNAYZAXBL
CONTRAPUNTALLY KOHNS AXNAXNTAEL AY
CHARGES SH AA ZH EY

STEPHANOVA STEHPHHAEN OW V AX
STEPHAS STEHPHHAEZ
STATISTICISES STAETIHSAYSIHZ
IRREMOVABLY THREHPAXRAXBLIY
INDEMNIZATION IHNDEHMNIHFIHKEY SHN
IRREDUCIBLE IHRIHFYUWTAXBL
UNRECRUITED AHNRIHSIY TIHD
MOONSHINE MUWNSTOWN
UNAFFILIATED AHNAXFEHKTIHD
UNINTERCEPTED AHNIHNTRAXSTIHD
HORSELL AOEHL

HORSMAN AOM AEN

RELICTION REHLIHKTAY AXN
UNCOMBINABLENESS AHNKAHMFTAXBLNEHS
INTERCATION IHNTERRKAETAY AXN
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Table B.9: Sample of removed entries during the analysis of pseudo-phonemes and generation restriction rules

Word Pr

LIEUTENANCY LEHFTEHNAXNSIY
VIRILITY V AY AXROHL AXJHITY
COUPER KUW AX

OBSOLETED OHBSTAXKLD
UNPROVIDED AHNPRAXVOWKT
AGENTS’S AEZHOHNZ

INCIVILITY IHNKLEHMAXNSIY
UNREASONING AHNRIHLEHN T IHNG
IRRESPONSIBLE IHRIHTRIY VAXBL
LIEUTENANT’S LEHFTEHNAXNTS
OBSOLETES OHBSTAXKLZ
INESCAPABLE IHNEHSTIHM AXBL
AGENTES AEZHOHNZ

AGENTS AEZHOHN
AGENTS_PROVOCATEURS AEZHOHNPR AX VOH K AX T ER
OBSOLETENESS OHBSTAXKLNEHS
RETRIBUTIVE RIHTRIY VAXBL
AGENT_PROVOCATEUR AEZHOHNPRAXVOHKAXTERR
ENTOURAGES OHNTRAEKTS
AGENTED AE ZH OH N D
INDISPUTABLE IHNDIHSOHLY UHBL
AGENT AEZHOHN

LANGSYNE LAENGG W IHJH
UNRESTRAINED AHNRIHSTRIHKTIHD
COMPUNCTION KOHMPYUHTEY SHN

COMPUNCTIONS

KOHMPYUHTEY SHNZ

INCOMPATIBLE

IHNKOHMPIHTAXNS

LIEUTENANCIES

LEHFTEHNAXNSIHZ

SENEGALESE SIHNEHSN S
AGENT_PROVOCATEUR AEZHOHNPRAX VOHK AX T ER
HOMOEOPATHY'S HHOWMAXJHIHNIATIY Z
AGENTS_PROVOCATEURS AEZHOHNPRAX VOHKAXTERR
SINER SIHNEY AX

AGENTING AE ZH OH N IH NG

OBSOLETE OHBSTAXKL

INCOMPATIBLES

THNKOHMPIHTAXNSIHZ

INDESTRUCTIBLE

IHNDIHTERMIHNAXBL

HOMOEOPATHY HHOW M AX JHIHNIATIY
LIEUTENANT LEHFTEHNAXNT
INOPERATIVE IHNOHPAXTY UWN
AGENT’S AEZHOHNZ
IRREMOVABLE IHREHPAXRAXBL
LIEUTENANTS LEHFTEHNAXNTS
LIEUTENANTS’ LEHFTEHNAXNTS
AGENTSHIP AEZHOH N SH IH P
CRETONNES KRIHVAESIHZ
LANGSYNES LAENGGWIHIHIHZ
INDESTRUCTIBLES IHNDIHTERMIHNAXBLZ
CRETONNE KRIHVAES
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APPENDIX C

DIPHTHONG ANALYSIS RESULTS
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000 | 000 | 000 | 000 | 000 | 000 | 00O | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 00O | 00O | 00O | 000 | 000 | 000 HZ
000_| 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 Z
000 | 000 100 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 A
000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 | 000 | 000 | 000 | 000 | 000 M
0000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 100 | 000 | 000 | 000 100 | 000 | 0000 | 000 | 000 | 000 A
000 | 000 | SO0 100 | 000 | 0000 | 000 | 000 100 | 000 | 0000 | 0000 | 000 | 000 | 000 | 000 | 000 | TOO | 000 | 000 | 000 | 000 | 000 | AN
000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 HN
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100 10°0 100 _| 000 | 000 100 | 000 | 000 | 000 | 000 10°0 vn
000 | 000 100 | 000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 10°0 100_| 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 HL
100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 L
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 100 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HS
000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 S
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 b |
000 | 000 | 000 | 0000 | 000 | 000 | 000 100 100 | 000 | 000 | 000 | 000 100 | 000 100 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 d
€€0 | 000 | LI'0 | LI'O | 000 | 000 | 000 | 000 | 000 | 000 | 00O | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 AO
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 10°0_| 000 100 _| 000 | 000 100 _| 000 | 000 100 | €00 | 000 | 000 100 | 000 | 000 | MO
100 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 100 10°0 100 100 | 200 HO
000_| 000 100 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 _| 000 | 000 100 | 000 | 000 10°0 100 _| 000 10°0 100 | 000 | 000 ON
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 00O | 000 | 000 | 000 | 000 N
000 | 000 | 000 100 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 N
000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 1
S8'0 | 0000 | 0000 | 000 | 000 | 000 100 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 . |
000 | 680 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 HI
000 | 000 | 060 100 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 Al
000 | 000 | €00 | ¥8°0 | 000 | 000 | 000 | 000 100 10°0 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 HI
000 | 000 100 | 000 | T80 | 000 100 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 100 | 000 | 000 | 000 VI
100 | 000 | 000 | 000 | 000 | <80 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 HH
200 | 000 | 000 | 000 | 000 | 000 | T80 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 D
000 | 000 | 000 | 000 | 000 | 000 | 000 | 680 | 000 | 000 | 000 | 000 | 000 10'0 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 d
000_| 000 100 100 | 000 | 000 | 000 | 000 | €80 | 000 100 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100 | 000 Ad
000 | 000 | 000 | 200 | 000 | 000 | 000 | 000 100 | <80 100 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 | 000 | 000 | 000 | 000
000 | 000 100 100 | 000 | 000 | 000 | 000 100 | 000 | 980 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 100 | 000
000 | 000 | 200 | 000 | 000 | 000 | 000 | 000 100 10°0 100 | 060 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 200 | 000 | 910 10°0 100 100 | 000 | 000 | 000 | 000 | 000 | 000 10°0
000_| 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 640 | 000 100 | 000 100 | 000 | 000 | 000 | 000 | 000
000 | 000 | 200 100 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | L80 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 0000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 880 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 680 100 | 000 | 000 100 100 100
000 | 000 100 100 _| 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 | 000 100 | 000 | 000 | 000 | LL'O | 000 | 000 | 000 100 _| 000
000 | 000 | 000 | 000 | 000 | 000 | 00O | 00O | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | CO0 | 000 | L8O | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 060 | 000 | 000 10°0
000 | 000 100 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 100 | 000 | 000 | 200 100 100 | 000 | LLO 100 10°0
000 | 000 100 100 | 0000 | 000 | 000 | 000 100 | 000 100 | 0000 | 000 | 000 | 000 | 000 100 100 100 | 000 100 | $80 | 000
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 100 100 100 100 | 200 | 000 | 080
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€60 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HZ
000 | €80 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 10°0 100 | 000 | 000 | 000 | 000 100 | 000 | 000 VA
000 | 000 | 080 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 000 100 A
000 | 000 | 000 | 680 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 M
000 | 0000 | 000 | 000 | 840 | 000 | 000 | 000 100 100 | 000 | 000 100 100 | 000 | 000 | 000 | 200 100 10°0 A
000 | 200 | 000 | 000 | 000 IL°0 | 000 | 000 100 | 200 | 000 100 100 100 100 | 0000 | 0000 | 200 | 000 100
000 | 000 | 000 | 000 | 000 | 000 | ¥8°0 100 100 100 | 000 100 100 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | T60 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 100 | 000 | 000 100 | 000 | 000 | 000 | 080 | C00 | 000 10°0 100 100 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 680 | 000 10°0 100 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | €60 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 100 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 | L8O 100 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 | L80 | 000 | 0000 | 000 | 000 100 | 000 100
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100 | 000 100 | 000 | 98°0 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | LI'O | 000 | 000 | 000 | 000
000 100 | 000 | 000 100 | 000 | 000 | 000 | CO0 | ¢00 | 000 | 000 100 100 | €40 | 000 | 000 | €00 | 000 | <00
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 8.0 | 000 | 000 | 000 100
000 100 | 000 | 000 100 | 000 | 000 | 000 10°0 100 | 000 | 000 | 000 | 000 | 000 | 000 | T80 | ¥00 | 000 100
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 60 | 000 | 000
0000 | 000 | 000 | 000 100 | 0000 | 0000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | €80 100 4\
000 | 000 | 000 100 | 0000 | 000 | 000 | 000 100 100 | 000 100 100 | 000 | 000 | 000 | 000 100 100 | ¥8°0 1
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 100 100 | 000 | 000 | 000 | 000 100 | 000 | 000 D |
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 100 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 Hl
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100_| 000 | 000 | 0000 | 000 | 000 | 000 | 000 100 100 | 000 | 000 Al
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 HI
000 100 100 | 000 | 000 100 | 000 | 000 | 000 100 | 000 | 000 100 100 | 200 | 000 | 200 | €00 | 000 | 000 VI
000 _| 000 100 100 | 000 | 000 | 000 | 000 | 000 100 _| 000 10°0 100 100 | 000 | 000 | 000 | 000 | 000 100 HH
000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 100 | 000 100 100 100 | 000 | 000 | 000 | 000 | 000 10°0 D
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 200 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 d
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 200 | 000 | 000 A4
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100_| 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 100 | 000 100 | 000 €00 | €00 | 000 100 | 200 100 _| 000 100 | 000 100 _| 000 100
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 200 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 | 200 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 _| 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100 | 200 | 000 | 000 | 000 100
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 100
000 100 | 000 | 000 100 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 | 200 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 0000 | 000 | 000 | 000 | TO0 | 000 100 _| 000 100 100 100 | 000 100 | 000 100
HZ Z A M A | M HN vn HL L HS S b | d | MO HO ON N W 1

7 Med XINBJA UOISNJuo)) Wa)SAS auIfaseq 7' 9[qeL

69



000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HZ
000 | 000 100 | 0000 | 0000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 Z
000 | 000 100 | 200 | 0000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 A
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 100_| 000 | 000 | 000 | 000 M
000 | 000 | 000 100 | 000 | 000 100 | 000 | 000 | 000 100 _| 000 | 000 100_| 000 | 000 | 000 | 000 A
000 100 | ¥00 100 | 000 | 000 | 000 | 000 100 | 000 100 | 000 | 000 | 00 100 | 000 | 000 | 000 | MN
000 | 000 | 000 | 200 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 100 100 | 000 | 000 HAO
000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 100 100 | 000 | 000 100 | 000 | 000 | 000 | 000 HL
000 | 0000 | 000 100 | 000 | 000 | 0000 | 000 | 000 | 000 100 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 L
000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HS
000 | 000 | 000 100 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 S
000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 . |
000 | 000 | 000 100 | 000 | 000 100 | 000 | 000 | 000 100 _| 000 | 000 100 | 000 100 | 000 | 000 d
000 | 000 | 000 | 200 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 | 200 100 100 _| 000 100 HO
000 | 000 100 100 | 000 | 000 | 000 100 | 200 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 ON
000 | 000 | 000 100 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 N
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 N
000 | 000 | 000 100 | 0000 | 000 | 000 | 000 100 | 0000 | 000 | 000 | 000 100 _| 000 100 | 000 | 000 1
€80 | 000 100 100 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 h: |
000 | 680 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 | 000 | 000 100 | 000 | 000 HI
000 | 000 | 680 | 200 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 | 000 | 000 | 000 Al
000_| 000 100 | 060 | 000 | 000 | 000 10°0 100 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 HI
000 | 000 | 000 | 000 | T80 100 100 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 HH
100 10'0 | 000 | 000 | 000 | 80 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 | 000 | 000 o)
000 | 000 | 000 | 000 | 000 | 000 | 880 10'0 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 q
000 | 000 | 000 | €00 | 000 | 000 100 | €80 | 200 | 000 | 000 | 000 | 000 100 _| 000 100 | 000 | 000 qd
000 | 000 100 100 | 000 | 000 | 000 | 000 | 680 | 000 | 000 | 000 | 000 100_| 000 100 100 | 000
100 | 000 | 000 | €00 | 000 | 000 100 | C00 | TO0 | Tv0 100 | 000 100 | 000 | 000 100 | 000 | 000
000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 080 | 000 100 100 _| 000 | 000 | 000 | 000
000 100 100 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 98°0 | 000 100 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 100 | 000 | 980 | 000 | 000 100 | 000 | 000
000 | 000 100 100 | 0000 | 0000 | 000 | 000 100 | 000 | 0000 | 000 | 000 | T80 | 000 100 | 000 | 000
000 | 000 | 000 100 | 0000 | 0000 | 000 | 000 100 | 0000 | 000 | 000 | 000 100 | 060 100 | 000 | 000
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 100 | 000 | 68°0 | 000 | 000
000 | 000 | 000 | CO0 | 0000 | 000 | 000 100 | €00 | 000 | 000 | 000 | 000 100_| 000 100 | #8°0 | 000
000 | 000 | 000 | €00 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 10°0 100 | €00 | 000 | 80
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L8°0 | 000 | 000 | 000 | 000 | 000 | LOO | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HZ
000 | €80 | 000 | 000 | 000 | 000 | 000 100 100 | 000 100 | 000 | 000 | 000 | 000 | 200 100 | 000 Z
000 | 000 | 640 | 000 | 000 | 000 | 000 | 000 | €00 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 A
000 | 000 | 000 | 680 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 100 M
000 | 000 | 000 | 000 | 8.0 | 000 | 000 10°0 100 | 000 10°0 100 | 000 | 000 | 000 | <00 10°0 100 A
000 | 200 | 000 | 000 | 000 | 0L0 100 10°0 100 | 000 | 000 100 100 | 000 | 000 | 200 | 000 100 | M0
000 | 000 | 000 | 000 | 000 | 000 | 980 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 _| 000 100 HAO
000 100 | 000 | 000 | 000 | 000 | 000 | 080 | 200 | 000 100 100 100 | 000 | 000 100 | 000 | 000 HL
000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 68°0 | 0000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 L
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | 000 | €60 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HS
000 100 | 000 | 000 | 000 | 000 | 000 100 100 | 000 | L8O 100 | 000 | 000 | 000 100 | 000 | 000 S
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 98°0 | 000 | 000 | 000 100 _| 000 100 . |
000 | 000 | 000 | 000 | 000 | 000 | 000 10°0 100 | 000 | 000 100 | 980 | 000 | 000 100 | 000 | 000 d
000 | 000 | 000 | 000 | 000 100 | 200 | 000 | 000 | 000 100 | 000 | 000 | LLO | 000 | 000 | 000 100 HO
000 | 000 | 000 100 100 | 000 100 | 000 | 000 | 000 100 100 | 000 | 000 | 180 | SO0 | 000 | 000 ON
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 160 | 000 | 000 N
000 | 000 | 000 | 000 | 000 | 000 100 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | ¥O0 | €80 | 000 N
000 | 000 | 000 | 000 100 | 000 100 | 000 100 | 000 100 100 | 000 | 000 | 000 100 100 | T80 1
000 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 | €00 | 000 100 100 | 000 | 000 | 000 100 | 000 | 000 h: |
000 100 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 HI
000 | 000 | 000 | 000 | 000 | 000 | 000 100_| 000 | 000 | 000 | 000 | 000 | 000 100 100 | 000 | 000 Al
000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 HI
000 | 000 100 | 000 | 000 | 000 100 | 000 100 | 000 | <00 100 100 | 000 | 000 | 000 10°0 100 HH
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 200 | 000 100 100 100 | 000 | 000 | 000 | 000 | 000 o)
000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 100 | 000 | 000 | 0000 | 000 | 000 | 000 | 000 q
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 qd
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 10°0_| 000 100_| 000 100 €00 | ¥0'0 | 000 10°0 100 100 10°0 100 100 100 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 200 | 000 100 | 000 100 | 000 | 000 100 | 000 | 000
000 100 | 000 | 000 | 000 | 000 | 000 | 000 | €00 | 000 | 200 100 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 100 100 100 | 000 100 100 100 | 000 | 000 | 000 100 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 0000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000 | 000 | 000 100 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | 000 | 00O | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000 | 000
000 | 000 | 000 | 000 | 000 | 000 | TO0 | 000 100 | 000 | 000 | 000 100 | 200 | 000 100 _| 000 100
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0000 _| 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 0000 MHZ/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 17/
0000 | 0000 | 0000 | +10°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | €10°0- | 0000 | 0000 | 0000 000°0_| 0000 [N/
000'0_| 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /M/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /A/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 6000- | 0000 | 0000 | 0000 0000 _| 0000 | /M
0000 _| 0000 | 9000 | OI00- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | SO0O'0 0000 | S000 | 9000- | 0000 | 0000 M0/
0000 _| 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 0000 VY
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0I00- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 0000 ML/
0000 | 0000 | 0000 | €00°0- | 0000 | 00000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 JA VA
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /HS/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000
0000 | 0000 | 0000 | S00'0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 800°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 S00°0- | 0000 | 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 0000
0000 | 0000 | 0000 | 800°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 8000- | 0000 | 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000
0000 | 0000 | 0000 | S00°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000'0_| 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000
0000 | 0000 | 0000 | LOO0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 000°0
0000 _| 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000 Jisivi
0000 | 0000 | ¥00°0 | LO00- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 9000- | 0000 | 0000 | 0000 0000_| 0000 IAY/
0000 | 0000 | €000 | 0¥0°0- | 0000 | 0000 | 0000 | 0000 | 0000 | €000 | ¥00°0 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 MY/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 _| 0000 IV1/
0000 | 0000 | 0000 | 0000 0000 | LI0°0 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /HH/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000 19/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000 14/
0000 _| 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 000°0 AW/
0000 | 0000 | 0000 | LIOO- | 0000 | 0000 | 0000 | 0000 | 0000 | 9100 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000°0_| 0000 Jb: (v
0000 _| 0000 | SO0'0 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | T€0°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | £L000- | 0000 | 0000 A/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 00070 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 JAUC )
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 1100 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /Ha/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 000'0_| 0000 /al
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | CI0'0 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 /HD/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 4000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 149/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000_| 0000 /AV/
0000 | 0000 | 0000 | SO00- | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | L€0°0- | 0000 | 0000 S00°0- | €000 | 0000 IXV/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0_| 0000 | 0000 0000 _| 0000 IMV/
0000 | 0000 | 0000 | £000- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | L00'0 | 0000 0000 | 0000 /0OV/
0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | LOOO- | 0000 | 0000 | €000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 80I°0- S000_| ¥00°0 /MHV/
0000 | 0000 | 0000 | ¥I0°0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 S10°0_| 0000 [HV/
0000 | 0000 | 0000 | ¥20'0- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | ¥10°0 /VV/
1514 [Hf/ /AY/ M1/ /V1/ /HH/ 19/ 14/ AW/ Ik: 1) /Md/ JAUCA /MHA/ as /HD/ 149/ /AV/ /IXV/ | IMV/ J(0)7 /HV/ [AV/ /VV/

(1 1ed) XIjEW UOISNJUOD QUI[OsEq WOIY PAJOBNqNS XIIJeUW UOISNJUOD WIAISAS paseq-oSpoimouy] :G°D 9[qel.

72



0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 MZ/
0000 _| 00070 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 17/
0000 | 0000 | TI0°0 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 000°0 /A/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 M/
0000 | 0000 | 0000 | 0000 | 6000 | 0000 | 9000- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 IA/
0000 | 00000 | 0000 | 0000 | 0000 | 0000 | OIO0O- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 M0/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | L0O0O°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 010°0- M0/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 JAUN T
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0100 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 ML/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 €00°0- | 0000 _| 0000 | 8000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 JAVS
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 /HS/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 6000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 S/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 | €10°0 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 A/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 /d/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 /RO/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /MO/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 910°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 6200 | 0000 | 0000 | 0000 0000 /HO/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 6000- | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 8100 | 0000 | 0000 000°0 ION/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | <000- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 9000 | 2000- | 0000 IN/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 900°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 N/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 110°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 L00°0 1/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 P
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 Jisivi
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /AY/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | ¥00°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 M/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /V1/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 /HH/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 19/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 14/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 [AH/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 AH/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | €000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 M4/
0000 _| 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 JAUCTA
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 /MHa/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000_| 0000 | 9000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 al
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 000°0 /HD/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 14/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /AV/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000'0_| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /IXV/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 /MV/
0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 0000 _| 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 ov/
0000 | 00000 | 0000 | 0000 | €000 | 0000 | 900°0- | 0000 | ¥00'0 | S00°0 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | CIOO | 00000 | 9000 | 0000 000°0 /HV/
0000 | 00000 | 0000 | 0000 | 0000 | 0000 | 900°0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 00000 | 0000 | 0000 | 0000 000°0 /AV/
0000 | 00000 | 0000 | 0000 | 0000 | 0000 | €TO'0- | 0000 | 0000 | 0000 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 | 0000 000°0 /VV/
/MHZ/ 17/ IA/ M/ IAl | /MY M0/ /v ML/ JAVS [HS/ S/ A/ /d/ /RO/ | /MO/ | /HO/ /ON/ IN/ N/ 1/

(z 1ed) X1jEW UOISNJUOD QUI[OsEq WO PAJoeNqNS XU UOISNJUOD WA)SAS Paseq-o3pa[mouy] :9°D 9[qel,
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APPENDIX D

KIT VOWEL ADAPTATION RESULTS

The entries in the tables included in this appendix are sorted first according to their accuracy (incorrect entries
are first on the list) and subsequently according to their spelling. The number that appears next to the graphemic

representation of every word indicates the location of the /IH/ phoneme in the word that was considered.
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0 HIN- AT M XV N-ATM HIN- AT M € Auoam
0 SHY E-HI'T-HOY L SHY E-XVT HOYd L SHY g-HI'T-HO ¥ L ¥ sngiaqjon
0 HI Y- VI HL. XV ¥ VIHL. HI ¥~ VIHL. € Kooy

HIT-d XV L- HN 4.- OV HS.

XV T-d XV I-HN d.- OV HS.

HI1- d HI .L- HN d.- OV HS.

§ A[pajooyains

0

0

0

0

0 0 ZHIL-XV-HNTd- XV d-HA S. ZXV L-XV-HNTd.-XVd-HNS. ZHIL-XV-HNTd.-XVd-HAS. 6 senmyiadns
0 0 MO-HI¥-HH LS MO-XVI-HALS MO-HI¥-HA LS ¥ 0918
0 0 HIL-OVdS XV1-0vVdS HIL-OVdS  Auods
0 0 HIL-XV T XVA-¥dd S XV L-XVT-XVA-¥d S HIL-XV T HIA-¥EI S L Anpiasos
0 0 HIT-SYNAS-NHAS XVIT-SYNAS-NHAS HIT-SVOAS-NHAS 8 A[snonsuas
0 0 HIT-SXVTHAAJ-HES XVT-SXVTHAAd HES HI'T-SXVTHNAJ-HES 6 Asnonpas
0 0 LSXV-HI¥-VANS LSHI-XVI- VANS LSHI-HIY-VANS ¥ Iseueds
0 0 HIA-AHT-ZTAIS XVA- A 1-ZTAIS HIA-AHT-ZTAHS L Apersofes
0 0 dATHOZ.-HI Y AATHOZ-XV ¥ AATHOZ-HIY [ PaAjosal
0 0 N XV HS-AH-HIA-HN A d.HI Y NXVHS-AH-XVA-HOAdo XV Y N XV HS- AH.-HId-HO A d.- HI Y 9 uonerpndox
0 0 N XV HS- AH-HIA-HN A d. HI Y N XV HS- A4~ HId-HN A do- XV N XV HS- Ad.-HId-HN A d- HT Y I u

0 0 LHOMO¥d.-HI Y LHO MO ¥ d.- XV d LHO MO¥d-HIY 1 payoeoidax
0 0 ZN XV HS- AH-HI Y L- 9V d- AT ¥ ZNXV HS- AH- XV ¥ -9V d- Al ¥« ZN XV HS- A HI Y L- 9V d- AT ¥ 9 suonernedor
0 0 ZHIY- 9V W AL Y. ZXV -4V .- Al ¥ ZHIE- 9V N ALY ¢ soLewax

ZHIS"NXVA NHVd-HI Y

ZXVS NXVA-NHVd-XVY

ZHIS-NXV A NHV d.-HIY

6 SdURPUNPAI

0 0 ZHIS-NXVd-NHV d.-HIY ZHIS-NXVA-NHVd-XVY ZHIS-NXVAd-NHVd-HIY [ Serduepunpal
0 0 A XV 1-AV S.-HIY AHIL- AV S XV ¥ AHIL- AV S-HI Y 1 panoas
0 0 HI ¥~ XV - AV ¥ de XV I~ XV - AV ¥ d. HI Y- XV - AV A de 9 Arewnd
0 0 HIS-XVIN-AV dd XV S-XVIN- AV i d HIS- XV - AV dd 9 foewrnd
0 0 TXVI-XVHO- I HAJd-HI¥d IXVI-XVHO- I HAd-XVdd TXVI-XVHO- I HIJ-HIdd ¢ [eamodojoid
0 0 ONHI L- Hd.- HN ¥- HI d«. ON HI L- H4.- HN ¥- XV d.. ON HI L- Hd.- HN ¥- HI d.. 1 Sumanoxd
0 0 HIS-N XV N-XVIW-¥dd XV S-NXVN-XVIN-¥dd HIS-N XV N-XVIN-¥dd 8 Aouourwiiad
0 IA-VV-HIY - Ad de AA-VV-XV L Ad de AA-VV-HIE - AH de  [eyorened
0 HIT- XV Y- HI H{- HO T~ XV HL- 9V d. XV T XV 3~ HI HI- HO T.- XV HL- 3V d. HI T- XV 3~ HIH{- HO T.- XV HL-dV d.. 11 Ajrearsojoyyed
0 ZNXVAZ HI¥-XVd ZNXVAZ XVI-XVd ZNXVAZ HI¥-XVd £ SueisLedq
0 HIL- XV IN- OV 4. N XV - N HO N XV L- XV IN- OV 4 N XV - N HO N HI L- XV IN- OV 4.- N XV 3- NHO N.. 11 Anuwioguosuou
0 HI'T-XV.LS-VVN XV T XVLS VVN HIT-HILS-VVN
0 HIT-XVZ-HVIN XV T-XVZ-HVIN HI'T-HIZ-HVIN
0 HIL- XV ¥-HO N« AVIN XV L- XV ¥-HO N AV IN HI L- XV ¥- HO N AVIN L Ayuouru
0 A OV-HIL- ATIN AOV-XV I~ AN A OV-HIL- ATIN ¢ Joapew

0

0

0

0

0

0

0

0

0 0 HIN- XV - XV HI XV N- XV IN- XV Hf HIN- XV IN- HT HI

0 0 HIL- XV d- XV d- XV §- N HL. XV L-XV d-XVd. XV S-NXV. HI L- XV d-HId.- HI S- N HIL.

0 0 ZHIL-XVN-9V.-NHI ZXV L-XVN-9V.-NXV ZHIL-XVN-3V.-NHI

0 0 Z XV N-HN W~ HIN-HV H Z XV N-HN W XV N-HV H Z XV N-HN W HIN-HV H

0 0 HI¥- XV L- XV LS-HV D XV ¥-XV - XV LS HVD HI¥- XV L-XV L S-HV O 8 Kiojeisns
0 0 ZHI'T-HID ZXV1-HID ZHIT HID € sap3
0 0 HI T- XV J- HI ¥- HA N.- XV HI XV 1- XV M- HI¥- HA N~ XV HI HI 1- XV M- HI ¥- H N.- HI HI 6 Aleonoua3
0 0 ZHIL- XV T 3V W.- OV 4 ZXV L XVTHIVIN-OVd ZHIL- XV T IV WN- 0V d L Senieutioy
0 0 HIHS-HI A XV HS-HI A HIHS- HI A € Aysy
0 0 ZHIN-XV T Hdd ZXVN-XVT-HAd ZHIN- XV T Hd 4 § Sotuofy
0 0 HIT- XV IN- 9V o XV T- XV N3V de HIT- XV IN- 9V .. ¢ Apuwey
0 0 HI Y- XV L- M 9V do XV - XV L- N9V d. HI A~ XV L- M 9V de 9 K1oroey
0 0 HI'T-WAILY LS. HI XV T -WAIY LS~ HI HI'T-WWAIILS-MHI 8 Apwonxo
0 A H W ATY LS. HA HIT-IWATY L S.- M HI HIT-WATY LS HI 0 Ajpwonxa
0 D ZN XV HS- AHN- XV -9V Z. D HE ZN XV HS- AH N HIIN- 3V Z.- D HI ZN XV HS- A N~ HIW- 9V Z. D HI 0 SuonEUIEXY
0 0 ONHIHL- HI ¥ A-HY ONHIHL- XV d A-HH ON HIHL-HI ¥ A- HH € Sunpkiona
0 0 ZHI S-N XV HI- ¥4 W.~ HI Z XV S-N XV HI- 43 - XV Z HI S-N XV Hf- ¥9 W.- HI L SADUABIOW
0 0 HId- MV d XV d-Mvda HId- MV d € Apmop
0 0 AXV I-A3d-XVd-9v1-HId AHIL-AHd-HId-dV1-XVd dHIL- A9 d-HId-9V 1-HId 1 paepidefip
0 0 HI¥- XV I-XVN-OHIA XV Y- XV IL-XVN-DHIA HI¥- XV L-HIN-DHIA 8 Krenusip
0 0 AXVd-NHAS-HId dHIA-NHAS-XVd AdHIA-NHAS-HId 1 Papuadsap

HIT- S XV N- XV IN- ¥4 L~ MO M.

XV TS XV N- XV IN-¥9 L~ MO

HIT- S XV N- HI - 3 L MO Mo

01 A[snouruiraod

SIS S S SIS S SIS SIS SIS S SIS ST S S S S SV SF S8 S S SY S 58 S S S SV S8 S 1 53 ISV O3 S ) CF (SY SN S SF CF SY S S ST 8 54 SN S ST S 58 SY S ISY S8 58 ISY ) 15

0 0 HI L- XV T 9V.- HI d- OV M. XV - XV T- 4V~ XV d- OV M HI L- XV T-d9V.- HI d- OV ..

0 0 HI L- XV T-dV.- HI d- OV .. HI L- XV T-dV.- XV d- OV 3. HIL- XV T-3V.- HId- OV M.

0 0 HN AN-HIL-NXV Y HOAN-XV.L-NXV Y HOAN-HIL-NXV Y T

0 0 HIN-HOX XVN-MHOX HIN-MHOX  £ouy00
0 0 SXVN-HIZ-WHV T} SHIN-XVZ WHV 1) SHIN-HIZ-IWHV T3 § Ssoursumno
0 0 ON HI- HI ¥- 9V ON HI- XV ¥- 9V M. ON HI- HI ¥- 9V M. € Buikues
0 LXVI-ONAVTE LHIM-ONHVTE LHIY-ONHV T4 S 1oquelq
0 AAHV1-HI 4 AAHVI-XVd dAHVI1-HId [ poAo[q
0 ZAV'1-HI 4 ZAVI-XVd ZAVI1-HId [ So1Rq
0 ATA-HIdd-HI g dTA-HIdA-XVE ATA HAdd-HI g

0 ZHI9- Ad 4. ZXV 4- Ad 4. ZHI9- Ad 9. € Solqeq
0 ZN XV HS- AH.-HI A- AT Y €. XV ZNXV HS- A XV A~ ATY 4.0 XV ZN XV HS- Ad.-HI A- AT ¥ €- XV § suoneraaiqqe
110D 1109-unuoxd 1a1paad-unuoid aseq-unuoxd plom

(1 1ed) sornr uoneydepe pajosfes SurA[dde uoym symsoy :1°q 2[qeL
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SLHOW-XVT-HID

SLHOW-XV T-HID

SLHOW-HIT-HID

€ sJowa[[Ing

I 0
I 0 9 SLHOW-XV T HID SLHOW-HIT HID S.LHO W-HITT-HI D 1 siowajjn3
1 0 9 N XV A- HI D N XV A-HI O. N XV A-HI O
I 0 LS XV HI LS XV HI L SHIHI
I 0 o ZHITHID ZHIT-HID ZHIT-HID
I 0 ;| HI T- XV - HI ¥- HA N.- XV Hl HIT- XV M- HI ¥- HA N.- XV HI HI T- XV - HI ¥- HA N.- HI H
I 0 HIT- XV M- HI Y- HA N~ XV HI HIT- XV M- HI ¥- HA N~ XV HI HIT- XV M- HI ¥- HA N~ HI HI 1 Apeor
I 0 ON XV-ONHIN- A4 D XV-ONHIN-A4D XV-ONHIN- A4 D € Supures
I 0 0 dXVHS-ANHHYI A dXVHS-ANHA ¥ A dHIHS-ANHIdA 9 dryspuary
I 0 0 N XV d-XV d.- XV A NXVA-XV d-XVd NXVd-Hl g XVd € uappiqioy
I 0 HIHS- HI 4 HIHS- HI 4 HIHS-HI A 1 Aysy
I 0 0 LdXV Lo XV L-TXV Ao LdXV Lo XV L-TXV A LdHIL- XV L-THIde 9 paddnaaiy
I 0 0 LdXV Lo XV L-TXV do LdHIL-XV L-TXV de LdHIL-XV L-THI 4. 1 paddnaay
I 0 ON ON HIN- VV A ONHIN-VV A ONHINW-VV A € Buuuey
I 0 ZN XV HS- AHN.- XV IN-9V Z.- O HA ZNXV HS- A N.- XV -3V Z.- D HI ZN XV HS- AHN.- HIIN- 9V Z.- D HI € suoneurexs
I 0 ON ON HIHL- HI ¥ A- HE ONHIHL- XV i A- HH ON HI HL- HI ¥ A- HI ¢ Buifrond
I 0 LAd-HN A M-9V A-HI L Ad-HN A J-dV A~ HI L Ad-HN A M-dV A~ HI 0 9enoeAd
I 0 ddV ¥ L-NHI ddV I L-NHI ddV ¥ L-NHI 0 denuo
I 0 1d- A4 N HI 1d- A4 N~ HI 1d- A9 N.-HI 0 21qeua
I 0 ZHIS-N XV HI- ¥4 .- HI ZHIS- N XV HI- ¥4 W.- HI Z HI S- N XV HI- ¥9 .- HI 0 SAUABIOW
I 0 N AV L-NHV 4. XV T Hi.. N AV L-NHV d.- XV T~ Hi.. N AV L-NHV d.- HI TT- H.. ¢ aunueydajo
I 0 ON ONHI L- AH ¥~ XV g- 9V T.- HI ONHI L- A9 ¥- XV 9- 4V T.- HI ONHI L- A9 ¥~ XV d- 9V T.- HI
I 0 ON ONHI.L- A ¥- XV €- 4V T.- HI ONHI L- A9 ¥- XV -9V 1. HI ONHI.L- AH ¥- XV €~ dV 1. HI
I 0 SXV N-LXV ¥ XV g -9V T.-HI SXVN-LXV ¥ XV d-9V T XV SHIN- LXV - XV d-dV T1.- HI 6 SsaudjeIoqe|d
I 0 SXVN-LXV I XV d gV T.-HI SHIN-LXV¥-XV -3V 1. HI SHIN- LXV I XV g-dV 1.~ HI 0 SsouaeIOqR[d
I 0 L XV d-Hi. L XV d- HH.. L HId- Hd.. npa
I 0 SNXV A-THV d.-HI SNXV A-THV d.-HI SNXVA-THV - H [URSLSHIUNC
I 0 LXVT-D Al LXV T DAL LHIT- D AI € 19158
I 0 ON ZONHIT-HI M d. ZONHIT HA M d.. ZONHIT-HI M d.  sBump
I 0 0 LNXVd LNXVd LNHIA [wup
I 0 0 NXVd NXVa NHIA 1 up
I 0 0 dAXV I-AHd-XVd-dVI1-HId AXVIL-Add-XVd-davI1-Xvdad dHIL-AGd-HId-dV1-HId 6 ParEpL
I 0 0 AXV - AHd-XVd-dV T-HId AHIL-AHd-XVd-dVT1-XvVd dHIL- A5 d-HId-4V T1-HId S paepideyip
I 0 0 HIY- XV L-XVN-DHIA HI¥- XV L-XVN-DHIA HI¥- XV .L-HIN-DOHId  Arenusip
I 0 o HIY-XV I-XVN-DHId HI¥- XV L-HIN-D HId HIY- XV I-HIN-DHId 1 Arejusip
I 0 0 AXVd-NHHS.-HId dXVAa-NHES-XVd dHIA-NHAS-HId 9 PapuAISIP
I 0 0 AZAV L- XV N-DHV W~ Al d.. AZAV 1- XV N-D IV W.- Al A AZAV L-HIN-D IV W.- Al 9 paznusewap
I 0 0 AXV L-HAd-VN AN AXV I-HId-VOAN AHIL-HAA-VN AN 9 papaInd
I 0 ON ONHIZ- A0 d- XV L-N AV X ONHIZ- A0 d- XV I-NMV ) ONHIZ- A0 d- XV I-NMV X 1odioyunod
I 0 0 HIT- S XV N- XV - ¥9 L.- MO M. HIT- S XV N- XV - ¥4 L. MO M. HI T S XV N- HI IN- ¥4 L.- MO 3. ¢ Asnouruiiaod
I 0 0 SLAIN-XVIN-HV L-NXV SLAAN-XVIN-HV L-NXV A SLAIN-HIW-dVL-NXVY 9 SSIEUIUEIU0d
I 0 0 SXVN-SXVH-FAHL-NXV Y SXVN-SXVHI-AHL-NXVY SHIN-SXVH- AHL-NXV Y 6 $SQUSNOLE
I 0 0 SXVN-HIZ-WHV T3 SXVN-XVZ-WHV T3 SHIN-HIZ-WHV T3 L ssoutsunpo
I 0 0 N XV HS-d XV I ) S.- IN XV J- ¥4 S NXVHS-d XV I NS INXV N- ¥4 S N XV HS-d HI 4 M S.- IN XV M- ¥4 S.. g uonduoswnai
I 0 ON ONHIA-VV ONHIA-VV ONHIA-VV € BuiAred
I 0 ON ON HI- HI ¥- 9V M. ONHI- XV 4~ 9V M. ON HI- HI ¥- 9V M.  Surkues
I 0 LXVN-XVd-VV LXVN-XVE VV LHIN- XV E- VVY G deuogied
I 0 0 AXV 1-daV . AXV L-d 3V . AHIL- ddV A  aandes
I 0 ZTLS-XvVdd ZTLS-Xvid Z1LS-HIYd T S[os
I 0 ON ZONHIY 9. ZONHI Y 9. ZONHIY 9. T s3uuq
I 0 SLXVN-HO 4 SLXVN-HO 9 SLHIN-HO 4 ¢ sjouuoq
I 0 ON ONHIA-HV T4 ONHIA-HY T4 ONHIA-HV 14 + BuIpooq
I 0 0 ZXVHS-HIA-NAVT1d ZXVHS HIA-NAV T4 ZHIHS-HIA-NAV T4 L systpue|q
I 0 ZXVHS-HIA-NAV 14 ZHIHS-HIA-NAV T4 ZHIHS-HIA-NAV T4 S saysipuejq
I 0 0 SLXVTXVd SLXVTXVE SLHIT HI 9
I 0 0 SLXVT-XVd SLHIT-XVE SLHIT-HI 9
I 0 D D HI 4. D HI 9. DHIF.
I 0 AVA- XV L-HV.-Ald AVA-XV I-dV.-Ald AV A-HIL-9V.- Ald
I 0 ON ONHITI-9v d ONHITA-3V 4 ONHITH-9V 4  Butgyeq
I 0 SXVN-Adv d SXVN-davd SHIN-ddv g P ssaupeq
I 0 AXV L-XV d- OV AXV L-XV d- OV A XV L-HId- OV
I 0 ON ONHIIN-HN A S.- XV ONHIW-HN A S-XV ONHIIN-HA A S.- XV
1 0 ON ONHIZ-MOd.-4dV ONHIZ- MOd.- 4V ONHIZ- MO d.- 9V
I 0 LXV T HOQ AW 9V LXV T HOAW-3V LHIT HN A W-9V ¢ I9o[nue
I 0 ON ONHIA- AT¥ D~ XV ON HI A~ AT¥ D XV ONHIA- AT¥ D~ XV S BuiAonE3e
I 0 SLXVA-AHd- XV -3V SLXVA-AHd.- XV d-dV. SLHIA-AHd.-HId-dV. 9 suAepyje
I 0 SLXVA-AHd- XV -9V SLHIA-AHd- XV d-HV. SLHIA- A d.- HI -9V !
I 0 ZXVS-HAdd- XV ZXVS-HAdd- XV ZHIS-HAI A~ X € sossaippe
I 0 LNXVN-XVLS g9V LNXVN-XV LS gdVv LNXVN-HILS 93V P juaunsqe
0 0 HId-¥d M XV a-¥ddam HIA- ¥ M ¢ Apiom
€ sy 110>"unuoxd 121pad-unuoxd aseq unuoid paom

(z 1ed) sorni uoneydepe payogas Surk[dde uaym synsay :7°d 2IqeL
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i 0 ON ON HIT- MO Ho LHOd ON HIT- MO Ho- LHOd ON HIT- MO H. LHO d 9 Surjoypod
1 0 0 AXVL1-ATHNOA L SHOd AXV .1 AHT HNAL SHOd QHIL-AHTHN AL SHOd 6 pawemsod
i 0 0 SdXV T HOd SdXVT-HOd SdHIT-HOd ¢ sd&jod
1 0 0 SXVN-LAVI1-XVd SXVN-LAVI1-XVd SHIN-LAV 1-XVd 9 ssouayjod
i 0 3 HIM-HV 1d HIM-HV 1d HIM-HV 1d  Axonid
1 0 0 SXVN-LNXVZ-Hd1d SXVN-LNXVZ-Hd1d SHIN-LNXVZ Hd1d 8 ssauueseald
1 0 ON ONHIHL- A9 1d ONHIHL- A2 1d ONHI HL- AH1d ¥ SunpAerd
1 0 ON ONHIN-49V 1d ONHIN-9V 1d ONHIN-9V 1d  Sutuueid
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1 0 1 0 0 0 0 0 0 0 0 HIT- XV M-HId-HO M S.- XV ¥ J- AV .. HIT- XV M-HId- HO X S.- XV ¥ J- AV .. HI T- XV - HId- HO M S.- XV A M- AV .. €1 Aqeordodsosonwu
I 0 0 0 0 0 0 0 0 ON 0 S MV H-ONHI L- AT S MV H-ONHIL- AT S MV H-ONHIL- AT

1 0 0 0 0 Ad 0 0 0 0 0 ZAAN-XV -9V IN ZAAN-XVI-GVIN ZAAN-HIL-dVIN

1 0 1 0 0 0 0 0 0 0 0 HIA-HV T HIA-HV T HIA-HV T

1 0 0 0 0 0 0 0 0 0 0 ZAXV I ZAXV L. Z AHIT.

1 0 0 0 0 0 0 0 0 0 0 LdSXVT LdSXVT LdSHIT

1 0 0 0 0 0 0 0 0 ON 0 XV M O-ONHI T XV M D" ONHI T XV M D-ONHI

1 0 0 0 0 0 0 0 0 0 0 SXVd-dV I SXVd-dV T SHId- 3V T

I 0 I 0 0 0 0 0 0 0 0 HI ¥- HI M. HI Y- XV M. HI ¥- HI M.

1 0 0 0 1 0 0 0 0 0 0 HI J- HI M. HI ¥- HI M. HI ¥- HI M.

1 0 0 0 0 0 0 0 0 ;| 0 M HIN-SLHNE.-HI X MAHIN-SLHNE-XVI MHIN-S LHN 9.~ HI X L uzinqquy
1 0 0 0 1 0 0 0 0 0 0 MHIN-SLHNE.-HIX MHIN-SLHNE.-HI X MHIN-SLHNd.-HI X [ Yruzingqry
1 0 0 0 0 0 0 I 0 0 0 L HI L HI L HI on
I 0 0 0 0 0 0 I 0 0 0 ZHIT-Ad ¥.-ZHI ZHIT-AH ¥.-ZHI ZHIT-AH ¥.-ZHI 0 St[eRIs|
1 0 0 0 0 0 0 I 0 0 0 A XV T HNAD-HI .- HI AXVT-HN A D HI .- HI AXV T HN A D HIA.-HI 0 Tensa.

I 0 0 0 0 0 0 I 0 0 0 T9-XV ¥ XV A-HV M- HI Y- HL. T9-XV ¥ XV A-HV M- HI Y- HIL. T4 XV ¥ XV A-HV M- HI Y- HIL. 0 3[quI2A09;

1 0 0 0 0 0 0 I 0 0 0 ZXVA-HN A L-NHI ZXVA-HNAL-NHI ZXV d-HN ¥ L. NHI 0 Stopnay

1 0 0 0 0 0 0 I 0 0 0 HN .L- N HL. HQ .L- N HL. HN L- N HI. 0 ot
1 0 0 0 0 0 0 I 0 0 0 A VId.- XV IL-NHL A VId.- XV L-NHL A VId.- XV L-NHL 0 pasopiayur
1 0 1 0 0 0 0 0 0 0 0 HIT- S XV A N- AT HI.- N HI HIT- S XV A N- AL HI.- N HI HIT- S XV A N- AL HI.- N HI 6 Asnouagut
I 0 0 0 0 0 0 I 0 0 0 I-S XV A N- AIHf.- N HI - S XV AN- ATHf.-NHI HIT- S XV A N- AT Hf.- N HI 0 Ajsnoruazur
1 0 0 0 0 0 0 I 0 0 0 N XV A d-NHI N XV X d-NHI N XV X d-NHI 0 uerpug
1 0 0 0 0 0 0 I 0 0 0 N HI N HI N HI

1 0 1 0 0 0 0 0 0 0 0 HIT-LXV S-XVT1d.-WHI HIT-LXVS-XVT1d.-IWHI HIT- LHIS-HITd.- WHI 6 AT

1 0 0 0 0 0 0 0 0 0 0 HIT LXVS XV T1d-WHI HIT LXVS XVT1d-WHI HIT- LHIS-HITd.- WHI 941

1 0 0 0 0 XV 0 0 0 0 0 HIT- LXV S XV T1d-IWHI HIT-LXV S-XVT1d.-IWHI HIT- LHIS-HITd.- WHI A1

1 0 0 0 0 0 0 I 0 0 0 HIT LXV S XVT1d-WHI HIT- LHIS-HITd.- WHI HIT- LHIS-HITd.- WHI 0 Apondun
I 0 0 0 0 0 0 0 HI 0 0 HIN HId.- WHI HIN HId.- IWHI HIN HId.- W HI ¢ asuidur
1 0 0 0 0 0 0 I 0 0 0 HINHId.- IWHI HINHId.- IWHI HINHId.- WHI 0 d8urdwir
1 0 0 0 0 Ad 0 0 0 0 0 Z N XV HS- AH L. XV - HL. ZN XV HS- Ad L XV N~ HL. ZN XV HS- A4 L HI - Hl.. T suonejrur
1 0 0 0 0 0 0 I 0 0 0 Z N XV HS- AH L.- XV IN- HL. Z N XV HS- A4 L.- HI N- HIL. Z N XV HS- A9 L.- HI - HL.

I 0 0 0 0 0 0 I 0 9 0 ZHNT1D-HI ZHNT19D-HI ZHNT19D-HI

1 0 0 0 0 0 0 0 0 ;| 0 HIT- XV M- HI L- 9V .- VI d- HL. HIT- XV M- HI L- 9V .- VI d- HL. HI T- XV - HI L- 9V .- VI d- HL.

1 0 1 0 0 0 0 0 0 0 0 HIT- XV 3~ HI L- 9V W.- VId- HL. HIT- XV - HI L- 9V .- VId- HL. HI T- XV - HI L- 4V .- VI d- HL. 01 Ajreoneworpt
1 0 0 0 0 0 0 1 0 0 0 HI T- XV - HI L- 9V W.- VI d- HL. HI T- XV - HI L- 4V W.- VI d- HIL. HI T- XV - HI L- 9V .- VI d- HIL. 0 Afreoneworpt
1 I 0 0 0 0 0 0 0 ;| 0 LSHA-HIM-SHVH LSXV-HIM-SHVH LSHI-HIM-SHVH P Isenisny
1 0 0 0 0 0 0 0 0 p: | 0 M HIL-9V ¥ M- MO d- HI He M HIL-9V ¥ Y- MO d- XV He N HI L-9V ¥ 3- MO d- HI He 8 onesdoddipy
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I 0 0 0 0 0 0 0 0 0 0 HAXV M HAXV M HA HI M
s 0 0 0 0 0 0 0 0 0 0 LSXVZ AVM LSXVZ-AVM LSHIZ AV M
I 0 0 0 0 0 0 0 0 0 0 N XV M NXV M NHI M
I 0 0 0 0 0 I 0 0 0 0 ZHId-INXV M ZHId- WXV M ZHId-WHIM
L 0 0 0 0 0 0 0 0 0 0 ZHId-INXV M ZHId-INXV M ZHId-IWHIM 1 sardwip
I 0 0 0 0 0 0 0 0 ON 0 ONHITO-HIM ONHITO-HI M ONHITO-HIM  Bul3sIm
[ 0 0 0 0 0 0 0 0 D 0 ONHITO-HI M ONHITO-HIM ONHITO-HI M
I 0 0 0 I 0 0 0 0 0 0 LSHA-HIT AAV M LSXV-HIT-4AV M LSHIEFHIT-dAV M
I 0 0 0 0 0 0 0 0 ON 0 ONHIHD-HO M ON HIHO-HO M ON HIHD-HO M
I 0 0 0 0 0 0 0 0 0 0 AXVA-XVA AXVA-XVA AHIA-HIA
I 0 0 0 0 XV 0 0 0 0 0 AXVA-XVA AXVA-XVA AHIA-HIA
L 0 I 0 0 0 0 0 0 0 0 HIT-SXVHS-AHA-XV A HIT-SXVHS-AHA-XV A HIT-SXV HS- AHA-HIA L
I 0 0 0 0 Ad 0 0 0 0 0 HIT-SXVHS - AHA-XV A HIT SXVHS-AHA-XV A HIT-SXVHS-AHA-HIA 1 AIsnoroeaia
L 0 0 0 0 0 0 0 0 A 0 ZN XV HS- AH M- HId- N XV A« ZN XV HS- A M- HId- N XV A« ZN XV HS- A9 M.~ HI d- N HI A« ¥ SuonesIpuia
I 0 0 0 0 0 0 0 0 0 0 ZN XV HS- AH M- HId- N XV Ax ZNXV HS- A M- HI - N XV A« Z N XV HS- A9 .- HI d- N HI A.. 1 suonestpura
L 0 0 0 I 0 0 0 0 0 0 S XV HS-NHH L-HI¥4d-NHV. S XV HS-NHA L-HI4d-NHV. SXVHS-NHH.L-HId4d-NHV.  snonudjardun
I 0 0 0 0 0 0 0 0 0 0 LSXV.L-MON.-NHV. LSXV.L-MON-NHV. L SHIL-MON.-NHV. S pednouun
I 0 0 0 0 XV 0 0 0 0 0 ZXVIXVI-XVML ZXVI XVI-XVML ZXVA- XV I-HIML T STorommy
I 0 0 0 0 0 0 0 0 ON 0 ONHI L-HV L ONHI L-HV L ONHIL-HV L € Summ
I 0 I 0 0 0 0 0 0 0 HIT-XVI-HIH[-AV I L HIT- XV HIH-HVI L HIT-XVI-HIH-GV I L 8 Kjeoisen
L 0 0 0 0 0 0 0 0 A 0 HIT- XV - HIH(- 9V ¥ L HIT- XV M- HIH(- 9V ¥ L HIT- XV JI-HIH(-9GV I L
I 0 0 0 0 0 I 0 0 0 ZHIA-XVHI-9V I L ZHIA-XVHI-AV I L ZHIA-XVH-AVI L
s 0 0 0 0 0 0 0 0 ON 0 ONHII- XV L- XV L ONHI ¥~ XV L- XV L ONHI¥- XV L-HI L
I 0 0 0 0 XV 0 0 0 0 ONHI - XV L- XV L ONHI Y- XV L- XV L ONHIY- XV I-HI L
I 0 0 0 0 0 0 0 0 0 dAXVvd HA L dXVd HaL dHId-HA L
I 0 0 0 0 0 0 0 0 ON 0 ONHI T- HH L ONHI T- HH L ONHIT-H4 L € Buife)
I 0 I 0 0 0 0 0 0 0 HIS- IV L HIS-M AV .L HIS-JdV L
L 0 I 0 0 0 0 0 0 0 HIT-SXVT- LY HV L HITSXVT LAV L HIT-SHIT- LYV L
I 0 0 0 0 0 0 0 0 0 HIT-SXVT LAV L HITSXVT LAV L HIT-SHIT-LJdV L
L 0 0 0 0 0 0 0 0 ON 0 ONHIN-dV L ONHIN-dV L ONHI -9V L € Buppe)
I 0 0 0 0 0 0 0 0 ON 0 ONHI L- AHd- XV J¥-ONHI S ONHI L- A9 d- XV J-ONHI § ONHI L- A9 d- XV J- ON HI § 8 sunedoouds
s 0 0 0 0 0 0 0 0 ON 0 ONHI.L- AHd- XV M- ONHIS ONHI.L- Add- XV M- DONHIS ONHI L- A9 d- XV - ON HI § 1 Sunedoouds
I 0 0 0 0 0 0 0 0 0 0 ATA-NXVMS ATA-NXVMS ATd-NHIMS T pajpuims
I 0 0 0 0 0 0 0 0 0 NXVHS-dXVIAS.-XVd HAS. NXVHS-dXVINS.-XVd HAS. NXVHS-dHII N S.- XV d-HOS. £ uonduosiadns
L 0 0 0 0 0 0 0 0 A 0 SMHILS SMHILS SMHILS T xkig
I 0 I 0 0 0 0 0 0 0 0 HId-XVID-HON-XV LS HId-XVID-HON-XVLS HIA-XVID-HON-XVLS 6 AydesSous
L 0 0 0 0 0 0 0 0 ON 0 ONHI J- VA M X S ONHI I~ VA M X S ON HI - VI M N Se ¢ Buuenbs
I 0 0 0 0 0 0 0 0 0 0 SXVN-HI'T-LAVIdS SXVN-XVT-LAVIIS SHIN-HIT-LAVIdS 8 ssaurpysuds
I 0 0 0 I 0 0 0 0 0 0 L HHA-HIA- MO S L HHA-HIA- MO S L HA-HI A- MO S £ 191408
I 0 0 0 0 0 0 0 0 0 0 ZXVS-XVILS-ONHOS ZXVS-XVILS-ONHO S ZHIS-HIYLS-ONHO S 8 $asS2NSTUOS
I 0 0 0 0 XV 0 0 0 0 0 ZXVS-XVILS-ONHOS ZXVS-XVILS-DONHOS ZHIS-HIILS-ONHOS 9 $3559155U0S
L 0 0 0 0 0 0 0 0 ON 0 ONHI-T.L-HE ONHI-TL-HHY S ONHI-T.L-HH S.  Buipas
I 0 0 0 0 0 0 0 0 0 0 SLAXVINS SLAXVINS SLAdHIAXS ¢ siduos
[ 0 0 0 0 0 0 0 0 0 0 ZXVHO-AILAAS ZXVHO-AIYAS ZHIHD-ATdNS § SaYoaaIds
I 0 I 0 0 0 0 0 0 0 0 HIS-OV S HIS-OVS HIS-OV S ¢ Kones
I 0 I 0 0 0 0 0 0 0 0 HIL-dAd S HIL-dAH S HIL-dA9S  Koges
I 0 I 0 0 0 0 0 0 0 0 HIL-dA9 S HIL-dAH S HIL-d A4S  Aioges
I 0 0 0 0 0 0 0 0 ON 0 ON HIN-HV ¥.. ON HIN-HV ¥.. ON HIN-HV ¥. € Buruuns
I 0 0 0 0 0 0 0 0 0 dXV .I-HNY dAXV.L-HNY dHIL-HN Y € pajoor
I 1 0 0 0 0 0 0 0 P 0 L XV 3-HO ¥. L XV 3-HO Y. L HI M- HO ¥.. € 193001
L 0 0 0 L 0 0 0 0 0 ZAV A-HIY ZAV A-HI Y ZAV A-HI Y I 9staal
I 0 0 0 0 0 0 0 0 b 0 THNAN-HIL-HAI ¥ THAAMN-HIL-HA Y THAAMN-HIL-HA Y € d[monar
I 0 0 0 0 0 0 0 0 0 ZXVHO-HAA ZXVHO-Ha ¥ ZHIHD-HA ¥ € Soyonr
I 0 0 0 0 0 0 0 0 ON 0 ON HIN- A9 .- HI ¥ ONHIN- AHN- XV I ON HI N- A9 .- HI I S Supurewal
I 0 0 0 0 0 0 0 0 0 AXVI-MAHITd-HI YA AXVI-AHITd-XVH AHIL-MHA Td-HIY L Paroopar
I 0 0 0 I 0 0 0 0 0 AXVI-MHATA-HIYA AXVI-MHATd-HIY AHIL-MHATd.-HI Y [ pajdayal
I 0 0 0 0 0 0 0 0 ON 0 ON HI- N XV HS- 4V d.- AT ¥ ON HI- N XV HS- 4V d.- AT ¥ ON HI- N XV HS- 9V .- AT ¥ L Butuorysejor
L 0 0 0 0 0 0 0 0 ON 0 ONHIA-AIS-HIY ONHIA-AIS-XVY ONHIA- AIS-HIY
I 0 0 0 I 0 0 0 0 0 ONHIA-AIS-HIY ONHIA- ATS-HIY ONHIA-AIS-HIY
L 0 I 0 0 0 0 0 0 0 HI d- HY Y. HI d- H Y. HId- HA ¥ ¢ Apear
I 0 0 0 0 0 0 0 0 0 SXVN-AXVDO-dV ¥ SXVN-dHID-gV Y SHIN-dHIO-9V I 9 ssaupagses
I 1 0 0 0 0 0 0 0 D 0 SXVN-AXV DO iV SHIN-AXVD-dvd SHIN-dHIO- gV i € ssoupagzer
I 0 0 0 1 0 0 0 0 0 MO-HId-Ad ¥ MO-HId- A9 ¥ MO-HId- AF ¥ ¢ otpet
I 0 0 0 0 0 0 0 ON 0 ONHIZ- AV T- XV J-HId- 3V ¥ ONHIZ- AV T XVI-HIA-9V ONHIZ- AV T XVI-HIA -9V d 6 Surzieatper
L 0 0 0 0 0 0 0 A 0 ONHIZ- AV T- XV M-HId- 9V i ONHIZ- AV T XV A-HId- 9V i ONHIZ- AV T-XV J-HId-dV € Buizieaiper
2as wuyd yI AuuLiy [ma Xe AuuLiy [ma PaI‘sar‘ska pud € zami X‘u‘w‘qd 18 110> unuoxd 191pa1d-unuoad aseq-unuoad piom

(4 1ed) 105 uoneprifea 03 parjdde 19s o[ni [[nJ Jo 9[qel SINSANY 71" 2.l

86




REFERENCES

Adda-Decker, M. and Lamel, L. (1999). Pronunciation variants across system configuration, language and

speaking style. Speech Communication, vol. 29, pp. 83-98.

Amdal, I. and Fosler-Lussier, E. (2003). Pronunciation variation modeling in sutomatic speech recognition.
Telektronikk, pp. 70-82.

Armstrong, E. (1996). International phonetic alphabet (online).
Available at: http://www.yorku.ca/earmstro/ipa/diphthongs.html

Baayen, R., Piepenbrock, R. and Gulikers, L. (1995). The CELEX lexical database. Linguistic Data Consor-
tium, University of Pennsylvania, Philadelphia, PA.

Badenhorst, J. and Davel, M. (2007 November). The effect of speech rate variation on acoustic phone stablility
in Afrikaans speech recognition. In: Proceedings of the eighteenth international symposium of the Pattern

Recognition Association of South Africa, pp. 6-9.

Badenhorst, J. and Davel, M. (2008 November). Data requirements for speaker independent acoustic models.

In: Nineteenth international symposium of the Pattern Recognition Association of South Africa, pp. 147-152.

Beattie, V., Edmondson, S., Miller, D., Patel, Y. and Talvola, G. (1995 September). An integrated multi-dialect
speech recognition system with optional speaker adaptation. In: Fourth European Conference on Speech
Communication and Technology, pp. 1123—-1126. ISCA, Madrid, Spain.

Bekker, 1. (2009). The Vowels of South African English (online). Ph.D. thesis, North-West University.
Available at: http://oldwww.ru.ac.za/academic/departments/linguistics/staff/
ian/phdmain.pdf

Benzeghiba, M., De Mori, R., Deroo, O., Dupont, S., Erbes, T. and Jouvet, D.e.a. (2007). Automatic speech

recognition and speech variability: A review. Speech communication, vol. 49, no. 10-11, pp. 763-786.

Black, A., Lenzo, K. and Pagel, V. (1998 November). Issues in building general letter to sound rules. In: 3rd
ESCA Workshop on Speech Synthesis, pp. 77-80. Jenolan Caves, Australia.

Branford, W. (1994). The Cambridge History of the English Language, Vol. V: English in Britain and Overseas:
Origins and Development. Cambridge University Press, Cambridge.

Brink, J. and Botha, E. (2001). An acoustic comparison of the vowels and diphthongs of first and second
language South African English. In: Proceedings of the Pattern Recognition Association of South Africa,
pp- 103-108.

Brink, J. and Botha, E. (2002 September). A comparison of L.1 and African-mother-tongue acoustic models
for South African English speech recognition. In: Seventh International Conference on Spoken Language
Processing, pp. 1241-1244. ISCA, Colorado, USA.

87



Daelemans, W., van den Bosch, A. and Zavrel, J. (1999). Forgetting exceptions is harmful in language learning.
Machine Learning, vol. 34, no. 1-3, pp. 11-41.

Damper, R., Marchand, Y., Marsters, J.-D. and Bazin, A. (1997 June). Aligning text and phonemes for speech
technology applications using an EM-like algorithms. Journal of Sol-Gel Science and Technology, vol. 8,
no. 2, pp. 147-160.

Davel, M. and Barnard, E. (2004a). A default-and-refinement approach to pronunciation prediction. In: Pro-
ceedings of the Pattern Recognition Association of South Africa, pp. 119-123.

Davel, M. and Barnard, E. (2004b). The efficient creation of pronunciation dictionaries: machine learning
factors in bootstrapping. In: Proceedings of Interspeech, pp. 2781-2784. Jeju, Korea.

Davel, M. and Barnard, E. (2006 Septembera). Developing consistent pronunciation models for phonemic

variants. In: Ninth International Conference on Spoken Language Processing. Pittsburgh, PA, USA.

Davel, M. and Barnard, E. (2006b). Effort and accuracy during language resource generation: a pronunciation
prediction case study. In: Seventeenth Annual Symposium of the Pattern Recognition Association of South
Africa, vol. 29. Parys, South Africa.

Davel, M. and Barnard, E. (2008 October). Pronunciation predication with Default&Refine. Computer Speech
and Language, vol. 22, pp. 374-393.

De Mori, R. (1998). Spoken Dialogue With Computers. Academic Press.

Finke, M. and Waibel, A. (1997 September). Speaking mode dependent pronunciation modeling in large
vocabulary conversational speech recognition. In: Fifth European Conference on Speech Communication
and Technology, pp. 2379-2382. ISCA, Rhodes, Greece.

Flege, J. (1987). The production of ‘new’ and ‘similar’ phones in a foreign language: evidence for the effect

of equivalence classification. Journal of Phonetics, vol. 15, pp. 47-65.

Fosler-Lussier, J. (1999). Dynamic pronunciation models for automatic speech recognition. Ph.D. thesis,
University of California, Berkeley Fall 1999.

Fukada, T. and Sagisaka, Y. (1997 September). Automatic generation of a pronuciation dictionary based on
a pronunciation network. In: Fifth European Conference on Speech Communication and Technology, pp.
2471-2474. ISCA, Rhodes, Greece.

Garofolo, J., Lamel, L., Fisher, W., Fiscus, J., Pallett, D. and Dahlgren, N. (1993 February). The DARPA
TIMIT acoustic-phonetic continuous speech corpus, NIST order number PB91-100354.

Goronzy, S., Rapp, S. and Kompe, R. (2004). Generating non-native pronunciation variants for lexicon adap-

tation. Speech Communication, vol. 42, pp. 109-123.

Hain, T. (2005). Implicit modelling of pronunciation variation in automatic speech recognition. Speech com-

munication, vol. 46, no. 2, pp. 171-188.

Hain, T., Woodland, P., Evermann, G. and Povey, D. (2001). New features in the CU-HTK system for tran-
scription of conversational telephone speech. In: ICASSP, pp. 57-60. Salt Lake City, Utah.

Heugh, K. (2007). Language and literacy issues in South Africa. In: Global Issues in Language, Education

and Development. Perspectives from Postcolonial Countries., pp. 187-217.

88



Holter, T. and Svendsen, T. (1999 November). Maximum likelihood modelling of pronunciation variation.
Speech Communication, vol. 29, no. 2-4, pp. 177-191.

Jande, P. (2006). Modelling phone level pronunciation in discourse context. Ph.D. thesis, KTH Computer
Science and Communication, Stockholm, Sweden.

Jurafsky, D., Ward, W., Jiaping, Z., Herold, K., Xiuyang, Y. and Sen, Z. (2001). What kind of pronunciation
variations is hard for triphones to model? In: IEEE International Conference on Acoustics, Speech and
Signal Processing, vol. 1, pp. 577-580. Salt Lake City, UT, USA.

Kessens, J., Cucchiarini, C. and Strik, H. (2003). A data-driven method for modelling pronunciation variation.

Speech Communication, vol. 40, pp. 517-534.

Kortmann, B. and Schneider, E. (2004). A Handbook of Varieties of English, vol. 1. Mouton de Gruyter New
York.

Lanham, L. and Traill, A. (1962). South African English pronunciation. Witwatersrand University Press,
Johannesburg. Reprinted from English Studies in Africa 5(2): 171 206.

Lass, R. and Wright, S. (1985). The South African chain shift: Order out of chaos. John Benjamins, Amsterdam.

Lawson, A., Harris, D. and Grieco, J. (2003). Effect of foreign accent on speech recognition in the NATO N-4
corpus. In: Eighth European Conference on Speech Communication and Technology, pp. 1505-1508. ISCA,

Geneva, Switzerland.

Livescu, K. and Glass, J. (2000). Lexical modeling of non-native speech for automatic speech recognition. In:
IEEE International Conference on Acoustics, Speech and Signal Processing, vol. 3, pp. 1683—-1686. Istanbul,
Turkey.

Marchard, Y. and Damper, R. (2000). A multistrategy approach to improving pronunciation by analogy. Com-
putational Linguistics, vol. 26, pp. 195-219.

Martirosian, O. and Davel, M. (2007 November). Error analysis of a public domain pronunciation dictionary.
In: PRASA 2007: Eighteenth Annual Symposium of the Pattern Recognition Association of South Africa, pp.
13-18. Pietermaritzburg, South Africa.

Martirosian, O. and Davel, M. (2008 November). Acoustic analysis of diphthongs in Standard South African
English. In: PRASA 2008: Nineteenth Annual Symposium of the Pattern Recognition Association of South
Africa, pp. 153-158. Cape Town, South Africa.

Oh, Y., Yoon, J. and Kim, H. (2006). Acoustic models adaptation based on pronunciation variability analysis
for non-native speech recognition. Speech Communication, vol. 49, pp. 59-70.

(online), I.LP.A. (1996). The international phonetic association.
Available at: http://www.arts.gla.ac.uk/IPA/fullchart.html

Oshika, B., Zue, V., Weeks, R., Neu, H. and Aurbach, J. (1975 February). The role of phonological rules
in speech understanding research. In: IEEE International Conference on Acoustics, Speech and Signal

Processing, vol. 23, pp. 104-112.

Ravishankar, M. and Eskenazi, M. (1997 September). Automatic generation of context-dependent pronunci-
ations. In: 5th European Conference on Speech Communication and Technology, pp. 2467-2470. ISCA,
Rhodes, Greece.

89



Robinson, T. (1996). The British English Example Pronunciation (BEEP) dictionary. (online) ftp:

//svr—ftp.eng.cam.ac.uk/pub/comp.speech/dictionaries.

Saraglar, M., Nock, H. and Khudanpur, S. (1999 September). Pronunciation modeling by sharing Gaussian
densities across phonetic models. In: Sixth European Conference on Speech Communication and Technology.
ISCA, Budapest, Hungary.

Sharma, A., M., P, Barnard, E. and Kuun, C. (2009 April). HIV health information access using spoken
dialogue systems: Touchtone vs. speech. In: International Conference on Information and Communication

Technologies and Development (to be published). Doha, Qatar.

Sloboda, T. and Waibel, A. (1996 October). Dictionary learning for spontaneous speech recognition. In: Pro-
ceedings of the International Conference on Spoken Language Processing, vol. 4, pp. 2328-2331. Philadel-
phia, PA, USA.

Statistics South Africa (2007). Community survey 2007 (online).
Available at: http://www.statssa.gov.za/publications/P0301/P0301.pdf

Strik, H. and Cucchiarini, C. (1999). Modeling pronunciation variation in ASR: A survey of the literature.
Speech Communication, vol. 29, pp. 225-246.

Tajchman, G., Jurafsky, D. and Fosler, E. (1995). Learning phonological rule probabilities from speech corpora
with exploratory computational phonology. In: Proceedings of the 33rd annual meeting on Association for

Computational Linguistics. Cambridge, Massachusetts.

Tebelskis, J. (1995 May). Speech recognition using neural networks. Ph.D. thesis, School of Computer Science,

Carnegie Mellon University, Pittsburgh, Pennsylvania.

Torkkola, K. (1993 April). An efficient way to learn English grapheme-to-phoneme rules automatically. In:
Proceedings of the International Conference on Acoustics, Speech and Signal Processing, vol. 2, pp. 199—
202. Minneapolis, USA.

United Nations Educational, Scientific and Cultural Organization (2001). Education for all 2000 assessment.

(online) http://www.unicef.org/infobycountry/southafrica_statistics.html.

Viterbi, A. (1967). Error bounds for convolutional codes and a asymptotically optimum decoding algorithm.
IEEE Transactions on Information Theory, vol. 13, pp. 260-269.

Wang, Z., Schultz, T. and Waibel, A. (2003 April). Comparison of acoustic model adaptation techniques of
non-native speech. In: IEEE International Conference on Acoustics, Speech and Signal Processing, vol. 1,
pp- 540 — 543. Hong Kong.

Webb, V. (1983). On a South African English vowel system. Stellenbosch Papers in Linguistics, vol. 10, pp.
134-164.

Wells, F. (1982). Accents of English, vol. 1-3. Cambridge University Press, Cambridge.

Wester, M., Kessens, J. and Strik, H. (1998 May). Improving the performance of a Dutch CSR by modelling
pronunciation variation. In: Proceedings of the Workshop Modeling Pronunciation Variation for Automatic
Speech Recognition, pp. 145-150. Rolduc, The Netherlands.

90



Williams, G. and Renals, S. (1998 May). Confidence measures for evaluating pronunciation models. In:
Proceedings of the Workshop Modeling Pronunciation Variation for Automatic Speech Recognition, pp. 151—
156. Rolduc, The Netherlands.

Young, S., Kershaw, D., Odell, J., Ollason, D., Valtchev, V. and Woodland, P. (2000 July). The HTK book.
revised for HTK version 3.0. (online) http://htk.eng.cam.ac.uk/.

Zsilavecz, M. (2008 January). ASR-Builder. (online) http://sourceforge.net/projects/

asr—-builder.

91



