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PRONUNCIATION MODELLING AND BOOTSTRAPPING

Bootstrapping techniques have the potential to acceldratdevelopment of language technology re-
sources. This is of specific importance in the developingdwshere language technology resources
are scarce and linguistic diversity is high. In this thesis analyse the pronunciation modelling
task within a bootstrapping framework, as a case study imtiwgstrapping of language technology
resources.

We analyse the grapheme-to-phoneme conversion task ir#netsfor a grapheme-to-phoneme
conversion algorithm that can be utilised during bootginag. We experiment with enhancements
to the Dynamically Expanding Context algorithm and devedopew algorithm for grapheme-to-
phoneme rule extractiorDgfault&Refing that utilises the concept of a ‘default phoneme’ to create
a cascade of increasingly specialised rules. This algoritisplays a number of attractive proper-
ties including rapid learning, language independenced gaymptotic accuracy, robustness to noise,
and the production of a compact rule set. In order to havetgrdéiaxibility with regard to the var-
ious heuristic choices made during rewrite rule extractisa define a new theoretical framework
for analysing instance-based learning of rewrite rule.s@le define the concept afinimal repre-
sentation graphsand discuss the utility of these graphs in obtaining thellestapossible rule set
describing a given set of discrete training data.

We develop an approach for the interactive creation of pmoiation models via bootstrapping,
and implement this approach in a system that integratesusdf the analysed grapheme-to-phoneme
alignment and conversion algorithms. The focus of this wisrkbn combining machine learning
and human intervention in such a way as to minimise the amofuntiman effort required during
bootstrapping, and a generic framework for the analysikisfrocess is defined. Practical tools that
support the bootstrapping process are developed and thirdfy of the process is analysed from
both a machine learning and a human factors perspective. nd/ghiat even linguistically untrained
users can use the system to create electronic pronuncditibonaries accurately, in a fraction of the
time the traditional approach requires. We create newdtiaties in a number of languages (isiZulu,
Afrikaans and Sepedi) and demonstrate the utility of thdsBodaries by incorporating them in
speech technology systems.

Keywords: bootstrapping, grapheme-to-phoneme conversion, gragtie-phoneme alignment,
letter-to-sound, pronunciation modelling, pronunciatfarediction, pronunciation rules, pronuncia-
tion dictionary, language technology resource develogmen
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UITSPRAAKMODELLERING EN SELFSTEUN

Selfsteuntegnieke beloof om die ontwikkeling van taalbumne vir tegnologiese toepassings te
versnel. Hierdie belofte is veral belangrik in die onwildedle wéreld, waar sulke hulpbronne
skaars is, en beduidende taalverskeidenheid voorkometdikitesis ontleed ons die uitspraakvoor-
spellingstaak binne 'n selfsteunraamwerk, as 'n gevaltistvan selfsteunontwikkeling van taalhulp-
bronne.

Ons ontleed grafeem-na-foneemomskakeling, op soek nayaritthe wat vir selfsteundoelein-
des gebruik kan word. Ons ondersoek verbeteringe aan dieatbiese Konteksuitbreiding” (DEC)
algoritme, en ontwikkel 'n nuwe algoritme vir die onttrekli van grafeem-na-foneemreélge(-
stek&Verfyn wat die begrip van 'n ‘verstekfoneem’ gebruik om 'n rits vilemenemend afgestemde
reéls te skep. Hierdie algoritme vertoon 'n aantal aalikeleienskappe, insluitende kort leertye,
taalonafhanklikheid, goeie uitloopakkuraatheid, rusébedheid, en die skep van klein reélstelle. Om
groter plooibaarheid in 'n aantal heuristiese keuses teryestel ons 'n nuwe teoretiese raamwerk
vir die ontleed van geval-gebasseerde leerprosesse vakryfegels voor. Ons stel die begrip van
kleinste voorstellende grafiek@or, en bespreek die nut van sulke grafieke in die onttrekdian
kleinste moontlike reélstel wat gegewe leervoorbeeldskiyé.

Ons ontwikkel 'n benadering tot die wisselwerkende skep witspraakmodelle deur selfsteun,
en verwerklik hierdie benadering in 'n stelsel wat verskeia die ontlede algoritmes vir belyning en
reélonttrekking saamvat. Ons gee aandag aan die saamaonegasjienleer en menslike ingrype om
die hoeveelheid menslike inset tydens selfsteun so kleiontfik te hou, en ontwikkel 'n algemene
raamwerk vir die ontleding van hierdie proses. Verder okiteli ons praktiese gereedskap ter on-
dersteuning van selfsteun, en ontleed die doeltreffeddti@arvan uit die oogpunte van masjienleer
en menslike bruikbaarheid. Ons bevind dat selfs gebruigensler taalkundige opleiding akkurate
woordeboeke sodoende kan skep, in 'n breukdeel van die tydie/gebruiklike benadering vereis.
Ons skep nuwe woordeboeke vir verskeie tale (isiZulu, A&fiks en Sepedi), en toon die nuttigheid
van hierdie woordeboeke in spraaktegnologietoepassings.

Sleutelterme selfsteun, grafeem-na-foneem omsetting, grafeem-neeim belyning, letter-
na-klank, uitspraakmodellering, uitspraakvoorspellingiitspraakwoordeboek, uitspraakreéls,
hulpbronontwikkeling vir taaltegnologie.
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