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F orew ord

The ten th v olume of PHONUS presen ts a com bined Phonetics and Com-

putational Linguistics thesis whic h w as accepted b y the Philosophical

F aculties of the Univ ersität des Saarlandes in 2005. It demonstrates ho w

sp eec h-tec hnology metho ds and linguistic-phonetic kno wledge can b e fruit-

fully com bined in order b oth to increase our understanding of the proso dic

structuring of sp eec h and to impro v e the p erformance of sp eec h-tec hnology

applications. The author applies mac hine-learning pro cedures to the pros-

o dically lab elled data of the `Kiel Corpus of Read Sp eec h' in order to predict

the proso dic prop erties of German read texts. T w o di�eren t prediction

pro cedures are dev elop ed and ev aluated in a systematic comparison with

the corpus data. In a second ev aluation step, 20 sen tences are syn thesized

using b oth pro cedures and, together with a third v ersion syn thesized using

a standard syn thesis system, are measured in terms of their acceptabilit y

against a cop y-syn thesis v ersion.

William Barry & Jürgen T rouv ain, Saarbrüc k en, F ebruary 2006

V or w or t

Der zehn te Band in der Reihe PHONUS präsen tiert eine k om binierte phone-

tisc he und computerlinguistisc he Arb eit, die im Jahre 2005 v on den Philoso-

phisc hen F akultäten der Univ ersität des Saarlandes angenommen wurde. Die

Arb eit zeigt, wie sprac h tec hnologisc he V erfahren und linguistisc h-phonetisc he

Kenn tnisse fruc h tbar zusammen wirk en k önnen, um so w ohl unser V erständ-

nis der proso disc hen Strukturierung v on gespro c hener Sprac he v oranzubrin-

gen als auc h die Qualität sprac h tec hnologisc her An w endungen zu v erb essern.

Die V erfasserin setzt eine Reihe v on masc hinellen Lern v erfahren ein, um aus

den etik ettierten Daten des `Kiel Corpus of Read Sp eec h' proso disc he Ei-

gensc haften für gelesene deutsc he T exte in zw ei un tersc hiedlic hen V erfahren

v orherzusagen. Die V orhersagen w erden in einem systematisc hen V ergleic h

mit den K orpusdaten getestet. In einem zw eiten Sc hritt w erden 20 Sätze

gemäÿ der b eiden V erfahren syn thetisiert und in einem P erzeptionstest zu-

sammen mit der Ausgab e eines Standardsyn thesesystems gegen eine Cop y-

Syn these-V ersion gemessen. Die P erzeptionsergebnisse b estätigen die gröÿere

Akzeptabilität der v on der Kandidatin erarb eiteten V erfahren.

William Barry & Jürgen T rouv ain, Saarbrüc k en, F ebruar 2006
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Abstract

The naturalness of syn thetic sp eec h pro duced b y a text-to-sp eec h (TTS)

system dep ends strongly on the prediction of appropriate proso dy , i.e. sp eec h

rh ythm and melo dy . In man y TTS systems the follo wing prediction tasks

con tribute to the proso dic structure of the generated output: prediction of

sym b olic proso dy features (suc h as accen ts and proso dic phrase b oundaries),

p ostlexical phonological pro cesses, and acoustic parameters (duration and

fundamen tal frequency F0). This thesis sho ws ho w to impro v e the proso dy

prediction of the German TTS system MAR Y, using the German sp eec h

database �Kiel Corpus of Read Sp eec h� (K CoRS) comprehensiv ely for all

proso dy prediction tasks.

The K CoRS comprises o v er four hours of lab elled read sp eec h. The ori-

ginal annotation includes sen tence and w ord b oundaries, realised and under-

lying (lexical) phonemes, orthograph y , and punctuation marks. The proso dic

annotation incorp orates the follo wing domains: lexical stress, sen tence accen t,

in tonation con tour, proso dic phrase b oundaries, and pauses.

The original annotation of the K CoRS w as extended automatically with

the follo wing additional features: sen tence t yp e, syn tactic phrases, gramma-

tical functions, part-of-sp eec h, w ord frequency , and syllable b oundaries. On

this extended database, a set of classi�cation and regression trees (CAR T)

w ere trained for all proso dy prediction tasks.

F or the p erceptual ev aluation of the prediction mo dels, 20 German ut-

terances w ere eac h syn thesised with MAR Y using four di�eren t proso dy pre-

diction metho ds:

� c opy synthesis : phoneme, duration and F0 v alues w ere extracted from
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the K CoRS and cop y-syn thesised with MAR Y

� MAR Y : existing MAR Y system without an y mo di�cation

� symb olic : all trained proso dy predictions mo dels w ere used, including

prediction of sym b olic proso dy features (accen ts, proso dic phrase b oun-

daries, and phrase-�nal in tonation con tours)

� dir e ct : direct prediction of p ostlexical pro cesses, duration, and F0 v a-

lues without using sym b olic proso dy features.

The p erceptual ev aluation sho w ed that the o v erall p erceptual qualit y of

MAR Y can b e signi�can tly impro v ed b y training all mo dels that con tribute

to proso dy prediction on the same database. As exp ected, the cop y-syn thesis

w as p erceiv ed as b est v ersion. More imp ortan tly , it sho w ed that the error

in tro duced b y symb olic proso dy prediction p erceptually equals the error pro-

duced b y the dir e ct metho d that do es not exploit an y sym b olic proso dy

features. Th us, it can b e concluded that the sym b olic lev el of proso dy pre-

diction can b e safely skipp ed, and the decision whether or not to include the

sym b olic prediction can b e based en tirely on the purp ose of the TTS system

(e.g. researc h to ol vs. end user soft w are).

ix

Zusammenfassung

Die Proso diemo dellierung, d.h. die V orhersage v on Sprec hrh ythm us und -

melo die, ist ein en tsc heidender Ein�ussfaktor für die Natürlic hk eit syn the-

tisc her Sprac he. Die v orliegende Arb eit un tersuc h t die Einsatzmöglic hk eiten

des `Kiel Corpus of Read Sp eec h' (K CoRS) für die Proso diemo dellierung

in der Sprac hsyn these und zeigt, wie die Proso diev orhersage des deutsc hen

Sprac hsyn thesesystems MAR Y v erb essert w erden k ann. Dab ei wird der Be-

gri� der Proso diemo dellierung w eit gefasst und b einhaltet so w ohl die V or-

hersage sym b olisc her Proso diek ategorien (Akzen te und proso disc he Phrasen-

grenzen), als auc h die Mo dellierung p ostlexik alisc her phonologisc her Prozesse

und die V orhersage der akustisc hen P arameter Lautdauer und Grundfrequenz

(F0).

Das K CoRS b esteh t aus mehr als vier Stunden Lesesprac he. Es ist anno-

tiert mit Laut-, W ort- und Satzgrenzen, zugrundeliegenden und tatsäc hlic h

realisierten Lauten, Orthographie und In terpunktion. Die proso disc he Anno-

tation umfasst lexik alisc hen W ortakzen t, Satzakzen t, In tonationsk on turen,

proso disc he Phrasengrenzen und P ausen.

Die b estehende Annotation des K CoRS wurde automatisc h mit folgen-

den Informationen ergänzt: Satzt yp, syn taktisc he Phrasen und grammati-

sc he F unktionen, W ortart, W orthäu�gk eit und Silb engrenzen. Auf dieser er-

w eiterten Daten basis wurden mit dem masc hinellen Lernalgorithm us CAR T

Klassi�k ations- und Regressionsbäume für alle T eilaufgab en der Proso diemo-

dellierung trainiert.

Für die p erzeptuelle Ev aluation der Proso diev orhersagemo delle wurden

mit Hilfe des deutsc hen Sprac hsyn thesesystems MAR Y und den trainierten

Klassi�k ations- und Regressionsbäumen 20 Äuÿerungen syn thetisiert. Jede
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Äuÿerung wurde mit vier v ersc hiedenen Metho den erzeugt, w ob ei jew eils die-

selb en diphon basierte MBR OLA-Stimmen v erw endet wurden:

� Copy-Synthese : Phonemsym b ol, Dauer und F0-W erte wurden aus dem

K CoRS extrahiert und mit MBR OLA in MAR Y syn thetisiert.

� MAR Y : V erw endung des b estehenden MAR Y Systems ohne Mo di�k a-

tion.

� Symb olisch : V erw endung aller trainierten Mo delle, inklusive der sym b o-

lisc hen Proso diev orhersage v on Akzen ten, proso disc hen Phrasengren-

zen und phrasen�nalen In tonationsk on turen.

� Dir ekt : Direkte Mo dellierung der p ostlexik alisc hen Prozesse, Lautdau-

ern und F0-W erte ohne V erw endung sym b olisc her Proso diev orhersage-

mo delle.

Die p erzeptuelle Ev aluation ergab, dass die Sprac hausgab e v on MAR Y

durc h den Einsatz der automatisc h trainierten Mo delle signi�k an t v erb essert

w erden k ann. Die Cop y-Syn these wurde wie erw artet als die b este V ersion

rezipiert. Ein w eiteres wic h tiges Ergebnis w ar, dass sic h die Metho den Symb o-

lisch und Dir ekt p erzeptuell nic h t un tersc heiden. Je nac h An w endungszw ec k

des Syn thesesystems (z.B. als F orsc h ungsinstrumen t vs. An w endersoft w are)

k ann also auf die sym b olisc he Proso diev orhersage v erzic h tet w erden.

xi
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CMOS comparison mean opinion score

COS comparison opinion score

CTS concept-to-sp eec h

DFKI Deutsc hes F orsc h ungszen trum für künstlic he In telligenz

F0 fundamen tal frequency , usually measured in Hz

GT oBI German T ones and Break Indices

HMM Hidden Mark o v Mo del

HSD Honestly Signi�can t Di�erence

IPDS Institute of Phonetics and Digital Sp eec h Pro cessing, Kiel

ITU-T In ternational T elecomm unication Union � T elecomm unication

Standardization Sector

K CoRS Kiel Corpus of Read Sp eec h

K CoSS Kiel Corpus of Sp on taneous Sp eec h

KIM Kiel In tonation Mo del

MARS Multiv ariate A daptiv e Regression Splines
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MAR Y Mo dular Arc hitecture for Researc h on sp eec h sY n thesis

MBR OLA sp eec h syn thesiser based on diphone concatenation

ML mac hine learning

MOS mean opinion score

MULI Multilingual Information Structure

NEGRA Neb enläu�ge Grammatisc he V erarb eitung

NN neural net w ork

P aIn tE P arametric In tonation Ev en ts

PCF G probabilistic con text-free grammar

POS part of sp eec h

PR OLAB proso dic lab elling system based on KIM

RIPPER Rep eated Incremen tal Pruning to Pro duce Error Reduction

RMSE ro ot mean squared error

SAMP A Sp eec h Assessmen t Metho ds Phonetic Alphab et

SCAPE System for Computer-Aided P erception Exp erimen ts

SCHUG shallo w and c h unk based uni�cation grammar

SSML Sp eec h Syn thesis Markup Language

stddev standard deviation

STTS Stuttgart Tübingen T ag Set

TBL T ransformation Based Learning

T nT T rigrams'n'T ags

T oBI T ones and Break Indices

TTS text-to-sp eec h

1

Intro duction

The �rst text-to-sp eec h (TTS) systems relied mostly on rules that w ere hand-

crafted b y h uman exp erts. The construction of these rules w as based on in-

trosp ection, carefully con trolled pro duction exp erimen ts, and man ual insp ec-

tion of sp eec h corp ora. The parameters of these rules w ere often adjusted

through a trial-and-error pro cedure b y listening to syn thesised utterances.

Some of the �rst TTS systems w ere barely in telligible, but ev en if they gen-

erated clearly understandable utterances, they sounded quite monotonous

compared to h uman sp eec h.

F or more than a decade, these hand-crafted rules ha v e b een successiv ely

replaced b y mo dels that are automatically trained on annotated corp ora with

mac hine learning (ML) metho ds. F or example, a sp eec h corpus that is anno-

tated with information ab out accen t placemen t can b e used to train a mo del

that predicts whic h w ords in an utterance carry an accen t. These mo dels are

usually more complex than the hand-crafted rules, resulting in the output of

more v aried sp eec h.

The creation of suitable databases has b ecome v ery imp ortan t. These

databases can b e exploited for training mo dels that solv e sp eci�c prediction

tasks. Large annotated sp eec h databases can also b e used for non-uniform

unit selection syn thesis, in whic h sp eec h segmen ts of di�eren t sizes are con-

catenated to generate natural sounding sp eec h.

The German sp eec h database �Kiel Corpus of Read Sp eec h� (henceforth

K CoRS) w as c hosen for the presen t study . With only half an hour of sp eec h

p er sp eak er, the K CoRS is to o small to serv e as a reliable sp eec h database for

unit-selection syn thesis (cf. Brinc kmann, 1997). Nev ertheless, it can b e used

for the training of the follo wing TTS mo dules con tributing to proso dy predic-
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tion: sym b olic prediction of accen ts and proso dic b oundaries, prediction of

p ostlexical phonological pro cesses (i.e. pron unciation mo delling), and predic-

tion of acoustic parameters (duration and F0 v alues). F or the presen t study ,

t w o diphone-based v oices of the German TTS system MAR Y (Sc hrö der &

T rouv ain, 2003) w ere used to generate syn thetic sp eec h with the v alues pre-

dicted b y the trained mo dels.

An impressiv ely large n um b er of previous studies fo cussed on the im-

pro v emen t of mo dels for one particular prediction task, e.g. sym b olic proso dy

prediction, duration prediction, or prediction of F0 v alues. Pron unciation

mo delling has b een almost en tirely neglected for sp eec h syn thesis applica-

tions. Only v ery few studies use one database comprehensiv ely for all proso dy

prediction tasks. The ev aluation of the automatically trained mo dels w as

mostly corpus-based, i.e. the predictions of the resp ectiv e mo del w ere com-

pared with the actual realisations in a database. Ho w ev er, formal p erceptual

ev aluation is needed to determine whether the corpus-based impro v emen ts

are p erceptually relev an t in a complete TTS system. F or example, Brinc k-

mann & T rouv ain (2003) sho w ed that the corpus-based di�erences of t w o

duration prediction mo dels could not b e discerned b y listeners as so on as the

sym b olic input to the duration mo dels w as not �a wless, b ecause it had b een

generated b y a TTS system. Since the ultimate goal in TTS is to impro v e

the o v erall qualit y , �TTS qualit y is still assessed b est b y h uman listeners�

(Strom, 2002).

Goals

The ma jor goals of this thesis are to sho w the follo wing:

� The K CoRS can b e used for mac hine learning-based training of proso dy

prediction mo dels b y expanding its original annotation with features

that can b e deriv ed with pre-existing to ols in a reasonable amoun t of

time.

� The o v erall p erceptual qualit y of the German TTS system MAR Y

3

can b e signi�can tly impro v ed b y training all mo dels that con tribute

to proso dy prediction on the same database, namely the K CoRS.

� The error in tro duced b y sym b olic proso dy prediction p erceptually

equals the amoun t of error pro duced b y a direct metho d whic h do es

not exploit an y sym b olic proso dy features.

Outline

In Chapter 1, this thesis starts with a brief in tro duction to the general arc hi-

tecture of a TTS system, fo cussing on the German TTS system MAR Y. The

next section describ es the core concepts and metho ds in mac hine learning,

explaining a particular mac hine learning algorithm, CAR T, whic h w as used

to train classi�cation and regression trees for proso dy prediction. The selec-

tiv e summary of previous studies illustrates the div ersit y of mac hine learning

metho ds that ha v e b een applied to proso dy prediction tasks. Finally , the

�rst c hapter concludes with remarks on error accum ulation within a TTS

system and outlines t w o approac hes to reduce it.

Chapter 2 motiv ates the c hoice of the K CoRS as a database for proso dy

prediction. It giv es a detailed description of the original annotation in the

K CoRS and explains the features that w ere added semi-automatically with

pre-existing to ols and tailored P erl programs. It concludes with some remarks

on the limitations of the K CoRS and further p ossibilities.

Chapter 3 describ es the metho ds that w ere applied to train classi�cation

and regression trees for the follo wing proso dy prediction tasks: prediction of

proso dic b oundaries, accen t lo cation and t yp e, phrase-�nal in tonation con-

tours, p ostlexical phonological pro cesses, duration, and F0 v alues. T w o t yp es

of prediction mo dels w ere trained: The �rst one, called Symb olic , uses sym-

b olic proso dy features for the prediction of segmen tal features (i.e. realised

phoneme, duration, and F0). The second one, called Dir e ct , is a metho d

whic h predicts the segmen tal features directly without using an y sym b olic

proso dy features. The predictions of all mo dels w ere ev aluated b y comparing
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them to the actual realisations in the K CoRS.

Chapter 4 explains the p erception exp erimen t that w as carried out to

ev aluate the predictions of the automatically trained mo dels p erceptually .

The results of the p erceptual ev aluation sho w that the output of the German

TTS system MAR Y can b e signi�can tly impro v ed b y training all mo dels

that con tribute to proso dy prediction on the K CoRS. More imp ortan tly , they

sho w that the error in tro duced b y the lev el of sym b olic proso dy prediction

p erceptually equals the amoun t of error pro duced b y the direct metho d that

do es not exploit an y sym b olic proso dy features.

This thesis concludes with an outlo ok on future directions in sp eec h

syn thesis.

5

1. F undamentals

1.1. T ext-to-Sp eech Synthesis

Sp eec h syn thesis can b e de�ned as the automatic transformation of a sym-

b olic represen tation in to an acoustic signal that sounds similar to h uman

sp eec h (Zb oril, 1997). T w o concepts ha v e to b e distinguished:

1. A sp eec h syn thesis system pro duces sp eec h from written text (text-

to-sp eec h: TTS) or a conceptual represen tation (concept-to-sp eec h:

CTS).

2. A sp eec h syn thesiser pro duces sp eec h from a represen tation of con-

trol parameters. The sp eec h syn thesiser is usually the last mo dule of a

sp eec h syn thesis system.

MAR Y (Sc hrö der & T rouv ain, 2003), the TTS system utilised for this study ,

uses the sp eec h syn thesiser MBR OLA (Dutoit et al., 1996). The arc hitecture

of the German MAR Y system, whic h is sho wn in Figure 1.1, can b e regarded

as a t ypical TTS arc hitecture (cf. Dutoit, 1997). MAR Y accepts plain text

as input and is also able to parse sp eec h syn thesis markup suc h as SABLE

(Sproat et al., 1998) and SSML

1

.

Due to the mo dular arc hitecture, single mo dules can b e replaced easily .

An in terface

2

allo ws the user to con trol eac h pro cessing step and to c hange

the input to eac h mo dule man ually . All MAR Y mo dules are describ ed in the

follo wing sections (see Sc hrö der, 2004, for further details). Except for the

1

http://www.w3.org/TR/speech -syn thes is/

2

http://mary.dfki.de
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part-of-sp eec h tagger and the c h unk tagger, all mo dules within MAR Y are

realised with hand-crafted rules.

Tokeniser

Tagger+Chunker

Inflection Endings

Lexicon Prosody

Phonol. Processes

Acoustic Parameters

Synthesis

Preprocessing

unknown

tokens & sentences

SABLE text

parts-of-speech & syntactic phrases

phonemes, word stress,
syllable boundaries

pitch accents,
prosodic phrases

expanded, pronounceable forms

known

duration & F0 values

sound

pronunciation in context

plain text SSML text

MaryXML markup skeleton

Sable Parser SSML Parser

Letter-to-Sound

Figure 1.1.: Arc hitecture of the MAR Y TTS system (from Sc hrö der, 2004).

1.1. T ext-to-Sp eec h Syn thesis 7

1.1.1. Prep ro cessing

T ok eniser

As a �rst step, the text is cut in to separate tok ens, namely w ords, n um b ers,

sp ecial c haracters, and punctuation marks. MAR Y uses a set of hand-crafted

rules to disam biguate p erio ds in to sen tence-�nal p erio ds, decimal n um b er

delimiters, and parts of ordinal n um b ers or abbreviations.

T ext no rmalisation

The text normalisation mo dule (termed �Prepro cessing� in Figure 1.1) con-

v erts n um b ers and abbreviations in to pronounceable forms.

1.1.2. Natural Language Pro cessing

P a rt-of-Sp eech T agging

P art-of-sp eec h (POS) tagging is carried out with the statistical tagger T nT

(Bran ts, 2000). The German language mo del of T nT w as trained on the an-

notated NEGRA corpus (Bran ts et al., 1999) using the Stuttgart-Tübingen

tag set (STTS, see App endix B.1; Sc hiller et al., 1995). T nT uses second or-

der Mark o v mo dels, where the states represen t tags and the outputs represen t

w ords. Smo othing is carried out with con text-indep enden t linear in terp ola-

tion of unigrams, bigrams, and trigrams. Unkno wn w ords are handled b y

su�x analysis, where tag probabilities are set according to the w ord's �nal

sequence of c haracters, with di�eren t estimates for upp ercase and lo w ercase

w ords.

Chunk T agging

The c h unk tagger describ ed b y Skut & Bran ts (1998) is used to recognise

syn tactic structures of limited depth (�c h unk phrases�), namely the phrasal

categories used in the NEGRA corpus. The c h unk tagger uses a generalised
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Mark o v Mo del-based tagging metho d based on the part-of-sp eec h informa-

tion pro vided b y T nT and simple morphological information.

Grapheme-to-Phonem e Conversion

MAR Y uses the phonetic alphab et SAMP A

3

for German (W ells, 2004) for

the phonemic transcription, adding also lexical stress and syllable b ound-

aries. First, in�ection endings are added to ordinals and abbreviations b y a

uni�cation-based mo dule. Second, the w ord is lo ok ed up in a lexicon deriv ed

from CELEX (Baa y en et al., 1995). If needed, a simple comp ound treat-

men t is p erformed. Unkno wn w ords, whic h cannot b e phonemised b y lexi-

cal lo okup or comp ound treatmen t, are analysed b y grapheme-to-phoneme

rules, using a statistical morphological parser, syllabi�cation rules, and lexi-

cal stress assignmen t rules. The resulting transcription represen ts the canonic

pron unciation, i.e. it do es not con tain an y segmen tal reductions.

Symb olic Proso dy Prediction

The �Proso dy� mo dule assigns sym b olic GT oBI lab els (Grice et al., 2005).

GT oBI

4

is an adaptation of T oBI (T ones and Break Indices; Silv erman et al.,

1992) for German, whic h describ es the p erceiv ed in tonation con tour in terms

of high and lo w tonal targets. Break indices are used to mark proso dic

b oundaries of in termediate phrases (break index 3) and in tonation phrases

(break index 4). All tonal targets m ust b e related to either an accen ted

syllable (accen ts) or the edge of a proso dic phrase (edge or b oundary tones).

GT oBI accen ts are either simple tonal targets ( H* and L* ) or complex accen ts

( L+H* , L*+H , H+L* , and H+!H* ; H and L relate to high and lo w targets, and

* is used to mark the tone of the accen ted syllable). GT oBI b oundary tones

also include complex tones.

3

Throughout this text, all transcriptions are giv en in SAMP A notation. F or ease of read-

ing all pron unciations are giv en b et w een slashes (e.g. /a:/ ), irresp ectiv e of phonemic

or phonetic status.

4

http://www.coli.uni-sb.de/ phon eti k/pr ojec ts/T obi/ gtob i.ph p3
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MAR Y's hand-crafted proso dy rules w ere deriv ed through man ual cor-

pus analysis and are mostly based on part-of-sp eec h and punctuation infor-

mation. In termediate and in tonation phrase breaks are inserted at punctu-

ation marks and at certain c h unk phrase b oundaries. Some parts-of-sp eec h

(e.g. nouns and adjectiv es) alw a ys receiv e an accen t, others are only accen ted

if the resp ectiv e in termediate phrase con tains no noun or adjectiv e. The ac-

tual GT oBI accen ts and b oundary tones are assigned according to sen tence

t yp e (statemen t, wh-question, y es/no-question, and exclamation) and p osi-

tion of the accen t within the proso dic phrase.

P ostlexical Phonological Pro cesses

Once the proso dic b oundaries, accen ts, and b oundary tones are determined,

the canonic pron unciation can b e c hanged b y p ostlexical phonological pro-

cesses (cf. K ohler, 1990). These pro cesses restructure the utterance on the

segmen tal lev el as w ell as on the proso dic lev el. Examples of p ostlexical

pro cesses include

� segmen tal deletions and replacemen ts, e.g. hab en is pronounced as

/ha:b=m/

� v o w el reductions, e.g. der is pronounced as /d@/

� reducing the n um b er of accen ts and phrase b oundaries for fast sp eec h.

Curren tly , MAR Y applies no p ostlexical rules. The mo dels trained for the

prediction of p ostlexical pro cesses (see Section 3.3.2) deal with segmen tal

c hanges only .

1.1.3. Calculation of A coustic P a rameters

MAR Y uses the MBR OLA diphone syn thesiser for syn thesising the utter-

ances. MBR OLA pro cesses a list con taining the follo wing information:

� phoneme in SAMP A
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� duration in ms

� fundamen tal frequency (F0) targets in Hz.

An example of the MBR OLA input format within MAR Y is giv en in Figure

1.2. After eac h phoneme, its duration is listed. The F0 v alues are giv en as

pairs ( r elative time in % , F0 in Hz ). F or example, the �rst phoneme /h/

in Figure 1.2, has a duration of 72 ms, and an F0 target v alue of 189 Hz

at the v ery b eginning of the phoneme. Phoneme /E/ in the example ev en

carries t w o F0 target v alues: The �rst one (204 Hz) is reac hed in the middle

of the phoneme (50%), the second one (150 Hz) is reac hed at its end (100%).

In tensit y and sp ectral qualit y of the phonemes cannot b e con trolled with

MBR OLA.

h 72 (0,189)

a 72 (87,167)

l 63

o: 121 (50,205)

v 67

E 162 (50,204) (100,150)

l 55

t 66

_ 410

#

Figure 1.2.: Example of the MBR OLA input format.

Duration and F0 v alues are predicted b y the mo dule �A coustic P aram-

eters� from the sym b olic output of the preceding mo dules.

Duration Prediction

The duration of a sound segmen t dep ends on a v ariet y of linguistic, pragmatic

and phonetic factors (cf. K ohler, 1992b), e.g.:

� global sp eec h temp o

� seman tically imp ortan t parts of an utterance are pro duced more slo wly

1.1. T ext-to-Sp eec h Syn thesis 11

� stress and accen tuation: stressed syllables are longer than unstressed

ones

� �nal lengthening at the end of a proso dic phrase

� a stressed syllable is shorter if it is follo w ed b y one or more unstressed

syllables within the same w ord

� phonological quan tit y: phonologically long segmen ts (tense) are longer

than phonologically short segmen ts (lax)

� phonetic con text, e.g. segmen tal duration b efore fortis/lenis

� in trinsic segmen tal duration: high vs. lo w v o w els, plosiv es vs. fricativ es,

fortis vs. lenis obstruen ts.

The duration rules curren tly implemen ted in MAR Y are a v ersion of the Klatt

rules (Klatt, 1979) adapted to German (Brinc kmann & T rouv ain, 2003).

Klatt rules predict the segmen tal duration b y m ultiplying the in trinsic dura-

tion of a giv en phoneme with a con text-dep enden t factor. The result is then

added to a phoneme-sp eci�c minimal duration, whic h can also b e m ultiplied

b y a con text-dep enden t factor. The adaptation of the con text-dep enden t

factor v alues to German w as ac hiev ed b y a man ual trial-and-error pro cedure.

F0 Prediction

Rules to transform abstract T oBI lab els in to fundamen tal frequency (F0)

v alues w ere describ ed b y Anderson et al. (1984) for English. F or eac h proso dic

phrase an F0 topline and an F0 baseline are assumed, b oth descending o v er

the course of the utterance. H targets lie on the topline, whereas L targets are

p ositioned on the baseline. T opline and baseline can b e v aried, e.g. according

to the sex of the sp eak er or the sen tence t yp e (cf. Brinc kmann & Benzm üller,

1999). Because of the declination of b oth lines, the F0 v alue of a phoneme in

an accen ted syllable dep ends on the p osition of the syllable in the proso dic

phrase.
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1.1.4. Synthesis

MBR OLA (Dutoit et al., 1996) is a sp eec h syn thesiser based on the con-

catenation of diphones. It tak es a list of phonemes as input, together with

proso dic information (duration of phonemes and F0 v alues), and pro duces

sp eec h samples at the sampling frequency of the diphone database used.

The original F0 v alues of the diphones in the database are transformed b y a

time-domain algorithm with diphone smo othing capabilities. In this study ,

MAR Y's MBR OLA diphone databases de6 (male) and de7 (female) are used

for syn thesis (see Section 4.1.2).

1.2. Machine Lea rning

Mac hine learning (ML) is an area of arti�cial in telligence concerned with

the dev elopmen t of tec hniques whic h allo w computers to �learn� through

exp erience b y �nding and describing structural patterns in data. Mac hine

learning metho ds tak e training data and form h yp otheses or mo dels that can

b e used to mak e predictions ab out no v el data.

A training dataset consists of sev eral instances, i.e. represen tations of

ob jects. Instances are describ ed b y feature v ectors. F eatures can b e categor-

ical (ha ving a �nite n um b er of discrete v alues) or con tin uous (n umeric).

Mac hine learning metho ds can b e applied to the follo wing tasks:

� classi�cation: learn to put instances in to pre-de�ned classes

� n umeric prediction: learn to predict a n umeric quan tit y instead of a

class

� asso ciation: learn relationships b et w een features

� clustering: disco v er classes of instances that b elong together.

The TTS mo dules describ ed in Section 1.1 solv e classi�cation tasks (part-of-

sp eec h tagging, c h unking, sym b olic proso dy prediction, p ostlexical phonolog-

ical pro cesses) and n umeric prediction tasks (calculation of acoustic parame-
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ters). The mac hine learning algorithm CAR T (Classi�cation and Regression

T rees; Breiman et al., 1984) can b e applied to classi�cation tasks (training

of classi�cation trees) as w ell as n umeric prediction (training of regression

trees). CAR T w as used for all tasks relating to proso dy prediction describ ed

in Chapter 3.

Mac hine learning algorithms can b e divided in to sup ervised and unsu-

p ervised metho ds. Sup ervised metho ds are used to learn the relationship

b et w een indep enden t features and a designated dep enden t feature. Classi�-

cation and n umeric prediction algorithms are sup ervised metho ds. Unsup er-

vised learning tec hniques group the instances of the training data without a

pre-sp eci�ed dep enden t feature. Clustering algorithms are usually unsup er-

vised. Nev ertheless, ev en for unsup ervised metho ds h uman in tuition cannot

b e en tirely eliminated, b ecause the designer of the task m ust sp ecify ho w the

data are to b e represen ted and what mec hanisms will b e used to searc h for

a c haracterization of the data.

1.2.1. Evaluation

When ev aluating mac hine learning mo dels there are some basic pro cedures

to follo w.

1. The dataset is divided in to a (bigger) training set and a (smaller) test

set. The training set is used to train the mo del, whereas the test set is

used for ev aluation only .

2. If the ML algorithm needs an additional dataset for a pro cedure against

o v er�tting (e.g. pruning in CAR T, see Section 1.2.2), a three-fold di-

vision in to training set, v alidation set, and test set is needed. The

v alidation set is used (for pruning) during the training pro cess.

3. Since annotated databases are v ery time-consuming to pro duce, one

do es not w an t to �w aste� precious data for testing. The solution to this
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dilemma is k-fold cr oss-validation : The corpus is divided in to k m u-

tually exclusiv e subsets (the �folds�) of appro ximately equal size. The

mo del is trained and tested k times. Eac h time it is trained on the

dataset min us a fold and tested on that fold. The accuracy estimate

is the a v erage accuracy for the k folds. Str ati�e d cross-v alidation en-

sures that eac h class is prop erly represen ted in the resp ectiv e training

and test sets. After ev aluation, the �nal mo del for implemen tation is

trained on the complete dataset.

Di�eren t p erformance metrics that can b e used for ev aluation are describ ed

in the follo wing section.

P erfo rmance Metrics

Classi�cation and n umeric prediction are ev aluated with di�eren t p erfor-

mance metrics. Confusion matrix, accuracy , recall, precision, and F-measure

are used for the ev aluation of classi�cation mo dels. Ro ot mean squared er-

ror (RMSE) and correlation co e�cien t (cc) are used for ev aluating n umeric

prediction mo dels.

Confusion matrix A confusion matrix is a matrix sho wing the predicted

and actual classi�cations. A confusion matrix is of size L � L , where L is

the n um b er of di�eren t class v alues. The confusion matrix in T able 1.1 is for

L = 2 .

predicted

actual p ositiv e negativ e

p ositiv e a b

negativ e c d

T able 1.1.: T w o-b y-t w o confusion matrix for a class with 2 di�eren t v alues

( p ositive and ne gative ).
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A ccuracy A ccuracy is de�ned as the rate of correct predictions made b y

the mo del on a test set (usually giv en in %). Using the v ariable names from

T able 1.1, the form ula for accuracy is: (a + d)=(a + b+ c + d) .

Precision and recall If the v alues of the predicted class are not ev enly

distributed, precision and recall of eac h class v alue are more informativ e than

o v erall accuracy:

� precision of class v alue �p ositiv e� = a=(a + c)

� recall of class v alue �p ositiv e�= a=(a + b)

� precision of class v alue �negativ e� = d=(b+ d)

� recall of class v alue �negativ e�= d=(c+ d)

If just one precision v alue is rep orted, it is usually the precision of the �p osi-

tiv e� v alue (e.g. �b oundary� in case of proso dic b oundary prediction).

F-measure Precision and recall are com bined in the F-measure:

F-measure = (2 � recall � precision)=(recall + precision) .

RMSE The ro ot mean squared error is used for the ev aluation of n umeric

predictions: RMSE =

s P
(predicted� actual)2

n

RMSE is similar to the mean absolute error, but tends to exaggerate the

e�ect of outliers.

Co rrelation co e�cient Correlation determines the exten t to whic h the

actual and the predicted v alues are linearly related to eac h other. The v alue

of correlation, the correlation co e�cien t, do es not dep end on the sp eci�c mea-

suremen t units used. F or example, if the predicted v alues are all m ultiplied

with 100, the correlation with the actual v alues remains the same. Therefore,

RMSE is usually rep orted in addition to the correlation co e�cien t.



16 1. F undamen tals

1.2.2. CART

CAR T (Breiman et al., 1984) is a mac hine learning algorithm for automati-

cally building classi�cation and regression trees. Classi�cation trees predict

categorical features, while regression trees are used to predict n umeric fea-

tures.

Classi�cation and regression trees con tain a question ab out some feature

at eac h no de in the tree. The lea v es of the tree con tain the b est prediction

based on the training data, usually a single mem b er of the predicted categor-

ical feature (classi�cation) or a predicted mean v alue (n umeric prediction).

Figure 1.3.: Classi�cation tree example (simpli�ed from Figure 3.1). No des

are mark ed with ellipses, leafs are presen ted in rectangles.

F or example, the classi�cation tree in Figure 1.3 can b e used for the pre-

diction of proso dic b oundaries, i.e. it predicts whether a w ord is follo w ed b y a

proso dic b oundary or not. The ro ot no de (the topmost no de) partitions the

data according to the feature �relativ e p osition b et w een punctuation marks�.

If an instance has a v alue � 94% for that feature, i.e. if it is not directly

follo w ed b y a punctuation mark (that w ould result in a v alue of 100%), a leaf

is reac hed, and the classi�cation tree predicts that the resp ectiv e w ord is not

follo w ed b y a proso dic b oundary . If the relativ e p osition b et w een punctuation
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marks is > 94%, the next no de further do wn the tree concerns the feature

�w ord frequency�. If the w ord frequency of an instance is � 1940 (the w ord

frequency feature is explained in Section 2.3.1), another leaf is reac hed, and

the tree predicts that the resp ectiv e w ord is follo w ed b y a proso dic b oundary .

If the w ord frequency is > 1940, another question concerning w ord frequency

has to b e answ ered. The next no de partitions the data in to instances with

a w ord frequency v alue � 2423 and those with a v alue > 2423. The former

instances are predicted to b e follo w ed b y no proso dic b oundary , whereas the

latter ones receiv e the predicted v alue �b oundary�.

CAR T is a p o w erful mac hine learning algorithm b ecause it

� p ermits b oth categorical and con tin uous features (as input features and

predicted features)

� automatically selects the most signi�can t features (but see Section

1.2.3)

� allo ws h uman in terpretation of the result (up to a certain exten t).

The basic CAR T building algorithm starts with the complete training

set and determines the feature that splits the data minimising the mean

�impurit y� of the partitions. This splitting pro cedure is applied recursiv ely

on eac h partition of the data un til some stop criterion is reac hed (e.g. a

minimal n um b er of instances in the partition). Since it c ho oses the lo cally

b est discriminatory feature at eac h stage in the pro cess, CAR T is a greedy

algorithm. This is sub optimal but a full searc h for a fully optimised set of

questions w ould result in a v ery high computational cost. Because of the

step wise partitioning of the data, the size of the dataset that is considered

at eac h no de b ecomes smaller and smaller do wn the tree. Therefore, data

sparsit y can b e a serious problem for CAR T, if the gaps in the training data

are acciden tal rather than systematic.

Standard impurit y measures are

� for categorical features: entropy � n um b er of instances
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� for con tin uous features: variance � n um b er of instances.

5

A v ery basic form of the tree building algorithm w ould lead to a fully

exhaustiv e classi�cation of all instances in the training set, and the resulting

tree w ould over�t the data. A metho d to build trees that are more suitable

to mak e the righ t predictions for new, unseen data is called pruning . This

metho d holds out a p ortion of the training data (the validation set). The

trained tree is pruned bac k un til ev aluation on the v alidation set do es not

impro v e an y further.

T o ols

The follo wing soft w are to ols w ere used for the training of classi�cation and

regression trees for proso dy prediction (as describ ed in Chapter 3):

� W ek a (Witten & F rank, 2000), v ersion 3.4.2 with Ja v a SDK 1.5.0.

W ek a is a collection of mac hine learning algorithms and con tains to ols

for data pre-pro cessing, classi�cation, regression, clustering, asso cia-

tion rules, and visualisation. W ek a is op en source soft w are implemen ted

in Ja v a.

� w agon (King et al., 2003), v ersion 1.2.3. w agon is an executable

C/C++ program, part of the Edin burgh Sp eec h T o ols Library .

The CAR T algorithm implemen ted in W ek a allo ws m ultiply branc hing

no des, whereas w agon trains only binary branc hing trees. W ek a has b een

dev elop ed as an instructional to ol for mac hine learning algorithms. There-

fore, and b ecause of the implemen tation in Ja v a, the CAR T algorithm in

W ek a is comparativ ely slo w and v ery memory-in tensiv e. F or the proso dy

prediction mo dels describ ed in Chapter 3, W ek a w as used for the training of

classi�cation trees, whereas regression trees w ere trained with w agon.

The tailored program that w as used to extract the information from

the database in the necessary format w as written in P erl (W all et al., 2000).

P erl w as also used to implemen t a protot yp e that incorp orates the trained

5

En trop y or v ariance alone w ould fa v our o v erly small partitions.
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classi�cation and regression trees for proso dy prediction.

1.2.3. F eature Selection

In theory , most mac hine learning algorithms learn automatically whic h are

the most appropriate features to mak e their predictions. F or example, CAR T

should nev er select irrelev an t features, so that adding more features should

only lead to b etter classi�cation p erformance, nev er to w orse results. Ho w-

ev er, John (1997) rep orted that classi�cation accuracy of the CAR T algo-

rithm deteriorates (t ypically b y 5% to 10%) when a random binary feature is

added to standard datasets. Ev en more surprisingly , sometimes the inclusion

of highly relev an t features can also diminish the classi�cation accuracy (b y

1% to 5% in the situations tested). Naiv e Ba y es, another classi�cation algo-

rithm, assumes that all features are indep enden t of eac h other. Therefore it

robustly ignores irrelev an t features, but its classi�cation accuracy is damaged

hea vily when redundan t features are added.

Since most mac hine learning algorithms are negativ ely a�ected b y irrele-

v an t or redundan t features, it is imp ortan t to precede training with a feature

selection stage that selects only the most relev an t features for the prediction

task. �The b est w a y to select relev an t attributes is man ually , based on a

deep understanding of the learning problem and what the attributes actually

mean. Ho w ev er, automatic metho ds can also b e useful.� (Witten & F rank,

2000).

Filters and W rapp ers Automatic feature selection metho ds can b e di-

vided in to �lter metho ds and wrapp er metho ds. Filter metho ds select the

b est features according to a reasonable criterion that is indep enden t of the

task. F or example, a �lter can select those features that are most linearly

correlated to the target class. W rapp er metho ds apply a c hosen mac hine

learning algorithm (e.g. CAR T) to ev ery subset of features. The b est subset

is the one with the b est ev aluation measures.
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Greedy Sea rch Since the n um b er of p ossible feature subsets increases ex-

p onen tially with the n um b er of features, exhaustiv e searc h is impractical in

most cases. Therefore the feature space is searc hed greedily , either starting

with an empt y feature set and adding one feature at a time ( forwar d sele c-

tion ), or starting with the complete feature set and deleting features one at a

time ( b ackwar d elimination ). The greedy searc h stops if the p erformance of

the trained mo del do es not increase an ymore (or some other stopping crite-

rion is reac hed). F orw ard selection usually results in smaller feature subsets

than bac kw ard elimination.

Complexit y The CAR T algorithms implemen ted in W ek a and w agon b oth

allo w using a feature selection wrapp er. W rapp ers are p oten tially v ery time

consuming, b ecause the mac hine learning algorithm is carried out n umerous

times. The n um b er of classi�cation or regression trees that are trained during

feature selection dep ends on the n um b er of features in the original feature set

( m ) and the n um b er of selected features ( k ). The forw ard selection wrapp er

starts out with testing eac h feature, th us building m trees. The feature

that w as used for building the b est tree is retained, so that in the next step

m � 1 trees are built, and so on un til the feature selection stops, b ecause

the p erformance of the trees do es not increase an ymore. A t that p oin t,

(2m � k)(k + 1) =2 trees ha v e b een built. In the w orst case ( k = m ), the

n um b er of trees to b e built during feature selection is quadratic to the size

of the original feature set (O( m2

)).

The time needed to build a single tree dep ends on the n um b er of in-

stances in the dataset ( n ) and the size of the feature set ( m ). The com-

putational cost of the CAR T tree induction algorithm (including pruning)

is O( mn log n ) + O( n (log n )

2

) (Witten & F rank, 2000). The smallest

dataset used for the training of proso dy prediction mo dels (see Section 3.2.1)

consisted of 4750 instances with 52 features (w ord-lev el proso dic b oundary

prediction), whereas the largest dataset consisted of 22094 instances with

83 features (phoneme-lev el duration prediction). Th us, wrapp er-based auto-
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matic feature selection w as only feasible in a reasonable amoun t of time for

prediction tasks on w ord or syllable lev el (i.e. sym b olic proso dy prediction).

The phoneme-lev el classi�cation and regression trees w ere trained without

prior automatic feature selection.

1.3. Proso dy Prediction with Machine

Lea rning Metho ds

In this thesis, the term �proso dy prediction� is de�ned rather broadly as the

group of all prediction mo dels that con tribute to the rh ythm and the melo dy

of a syn thesised utterance. More precisely , it includes all prediction mo dels

from sym b olic proso dy prediction, o v er the prediction of p ostlexical phono-

logical pro cesses to the prediction of acoustic parameters. The prediction of

acoustic parameters is limited to the prediction of duration and F0 v alues,

b ecause these are the only t w o parameters that can b e con trolled for eac h

phoneme using the MBR OLA syn thesiser. Other acoustic parameters that

con tribute to the p erception of rh ythm are in tensit y and sp ectral c haracter-

istics (e.g. steep er sp ectral tilt for reduced v o w els).

V arious mac hine learning algorithms ha v e b een applied to di�eren t

proso dy prediction tasks. Unless t w o algorithms are applied to the same

dataset, the rep orted results are hard to compare b ecause of the idiosyn-

crasies of the di�eren t datasets used for training. Nev ertheless, the rep orted

ev aluation measures illustrate the di�cult y of the resp ectiv e task.

1.3.1. Prediction of Proso dic Bounda ries

F ordyce & Ostendorf (1998) used transformation-based learning (TBL) and

classi�cation trees (CAR T) for the prediction of proso dic b oundary lo cations.

TBL is a sup ervised mac hine learning formalism in tro duced b y Brill (1995)

for part-of-sp eec h tagging. It �nds an ordered sequence of rules whic h succes-

siv ely c hange an initial classi�cation of the data. These rules are c hosen b y
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a greedy searc h o v er the en tire corpus to minimise the o v erall classi�cation

error. Both TBL and CAR T w ere trained on the Boston Univ ersit y Radio

News Corpus (Ostendorf et al., 1995). In terms of accuracy , the classi�cation

tree sligh tly outp erformed TBL (84.1% vs. 82.6%).

A tterer & Sc h ulte im W alde (2004) dev elop ed a relativ ely simple prob-

abilistic con text-free grammar (PCF G, cf. Manning & Sc h ütze, 2001, c h. 11)

for assigning in tonation phrase b oundaries to German text using STTS part-

of-sp eec h tags. T o determine the probabilities of the grammar rules, the

PCF G w as trained in four iterations on 6,000 w ords (380 sen tences) of the

IMS Radio News Corpus (Rapp, 1998). The PCF G w as compared with an ap-

proac h based on Hidden Mark o v Mo dels (HMMs; similar to T a ylor & Blac k,

1998) using a windo w of POS-bigrams and a con text length of 6. Ev alua-

tion sho w ed that the PCF G w as inferior to the HMMs (F-measure: 0.741

vs. 0.843).

F ac krell et al. (1999, 2001) used classi�cation trees (CAR T) and t w o-

la y er neural net w orks (NN) to predict proso dic phrase b oundary strength b e-

t w een w ords, v alues ranging from 0 to 3. Both w ere trained on databases of

six di�eren t languages (Dutc h, English, F renc h, German, Italian, and Span-

ish). The ev aluation measures o v er all languages sho w ed that b oth metho ds

p erformed equally w ell. The accuracy rates for the German database w ere

74.8% (NN) and 72.7% (CAR T).

Zerv as et al. (2003) used CAR T, Naiv e Ba y es and a Ba y esian Net w ork to

predict proso dic b oundary lo cations in a corpus of Mo dern Greek. CAR T (F-

measure 0.608) and Naiv e Ba y es (0.629) w ere outp erformed b y the Ba y esian

Net w ork (0.704).

1.3.2. A ccent Prediction

F ordyce & Ostendorf (1998) also used transformation-based learning (TBL)

and classi�cation trees (CAR T) for the prediction of pitc h accen t lo cations

in the Boston Univ ersit y Radio News Corpus. F or accen t prediction, TBL
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outp erformed CAR T (accuracy: 86.8% vs. 85.6%).

F ac krell et al. (1999, 2001) used regression trees (CAR T) and t w o-la y er

neural net w orks (NN) to predict w ord prominence, v alues ranging from 0 to

9. Ev aluation on databases of six di�eren t languages sho w ed that CAR T

p erforms sligh tly b etter than NN. The accuracy rates (exact classi�cation

+/-1) for German are 74.5% (NN) and 74.8% (CAR T).

Hirsc h b erg & Ram b o w (2001) used a prop ositional rule learner, RIPPER

(Cohen, 1995) to predict pitc h accen t lo cations (i.e. whether a w ord carried

an accen t or not). The mo del is expressed as an ordered set of if-then-rules

(i.e. eac h rule only applies if the preceding ones do not) whic h con tain eac h

a conjunction of conditions and a consequen t classi�cation. RIPPER w as

trained on a corpus of read W all Street Journal texts, whic h w ere transcrib ed

and annotated with T oBI lab els. The b est feature set used for training led

to an F-measure of 0.903.

1.3.3. P ostlexical Phonological Pro cesses

Most studies dealing with pron unciation v ariation are concerned with auto-

matic sp eec h recognition (ASR). Some syn thesis-related studies used pron un-

ciation mo delling for impro v ed lab elling of large databases for unit-selection

sp eec h syn thesis (Bennett & Blac k, 2003; Jilk a & Syrdal, 2002; Breuer,

2000). Whenev er p ossible, these databases are lab elled automatically , so

that an accurate pron unciation prediction is imp ortan t. Otherwise the re-

alised phonemes are alw a ys lab elled with their canonic coun terparts, not

taking in to accoun t an y reductions.

Hoste et al. (2000) used TBL and CAR T to extract phonemic kno wl-

edge and rules from pairs of pron unciation lexicons for Northern Dutc h and

Flemish. The motiv ation w as to adapt sp eec h syn thesis systems to regional

v arian ts. The o v erall accuracy in predicting the pron unciation of a Flemish

w ord pron unciation from the Dutc h pron unciation w as 89% for TBL and 92%

for CAR T.
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Miller (1998) inferred individual p ostlexical phonologies from lab elled

corp ora of read American English using a recurren t neural net w ork. The

main p ostlexical phonological pro cesses to b e mo delled w ere glottalisation,

v o w el reductions and the reduced realisation of /t/ (e.g. as �ap). The highest

accuracy reac hed w as 89.6%.

1.3.4. Duration Prediction

One of the �rst mac hine learning tec hniques that w as applied to duration pre-

diction is CAR T (Riley , 1992). The regression trees trained b y Brinc kmann

& T rouv ain (2003) reac hed an RMSE of 22.46 ms (male v oice) and 21.40 ms

(female v oice), p erforming signi�can tly b etter than the tested Klatt rules.

Nonetheless, this di�erence w as not p erceptible once the duration prediction

mo dels w ere implemen ted in MAR Y.

Since data sparsit y can p ose a problem for CAR T, other mac hine learn-

ing tec hniques ha v e b een suggested for duration prediction. Möbius & v an

San ten (1996) applied a sums-of-pro ducts mo del (a sup ervised, data-driv en

approac h) to the Kiel Corpus of Read Sp eec h. The o v erall correlation b e-

t w een observ ed and predicted durations is 0.896. Riedi (1997) used Multi-

v ariate A daptiv e Regression Splines (MARS) to predict segmen tal durations

from a corpus of German read sp eec h. The resulting mo del has a correlation

co e�cien t of 0.90.

Goubano v a & T a ylor (2000) compared a Ba y esian Net w ork (BN) to

CAR T and to a sums-of-pro ducts mo del. All three mo dels w ere trained

on a database of American English read sp eec h. BN ac hiev ed a RMSE of 5

ms, outp erforming b oth CAR T (20 ms) and the sums-of-pro ducts mo del (9

ms).

1.3.5. F0 Prediction

Blac k & Hun t (1996) predicted three F0 v alues for ev ery syllable with linear

regression mo dels, using features represen ting T oBI lab els, lexical stress and
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syllable p osition. The linear regression mo dels w ere trained on the Boston

Univ ersit y Radio News Corpus (Ostendorf et al., 1995). The F0 con tours

generated b y this metho d ha v e a correlation co e�cien t of 0.62 and 34.8 Hz

RMSE when compared with the original realisations, whereas a previous rule-

driv en metho d (Anderson et al., 1984) resulted in a correlation co e�cien t of

0.40 and 44.7 Hz RMSE.

The F0 prediction describ ed b y Dusterho� & Blac k (1997) used CAR T to

predict parameterised descriptions of the F0 con tour using the Tilt in tonation

mo del (T a ylor & Blac k, 1994). Ev aluation on the Boston Univ ersit y Radio

News Corpus resulted in a correlation co e�cien t of 0.60 and 32.5 Hz RMSE.

Syrdal et al. (1998) compared three di�eren t F0 prediction metho ds,

namely one primarily rule-based approac h and t w o data-driv en approac hes,

on a corpus of read prompts and W all Street Journal texts. The rule-based

approac h w as based on man ually corrected T oBI lab els, the t w o data-driv en

approac hes used parameterised descriptions of the F0 con tour with Tilt or

P aIn tE parameters (P arametric In tonation Ev en ts; Möhler & Conkie, 1998).

All metho ds w ere compared in a formal listening test. P aIn tE receiv ed the

highest mean opinion scores (on a 5-p oin t scale), follo w ed b y the rule-based

approac h and the Tilt metho d, whic h receiv ed the lo w est scores.

1.4. Erro r A ccumulation

As can b e seen in Figure 1.1, a TTS system consists of sev eral mo dules. All

those mo dules mak e predictions that are not 100% p erfect. Whenev er one

mo dule mak es an error, the mo dules that follo w further do wn the pro cess-

ing c hain �inherit� this error. If their predictions dep end on a feature that

w as predicted incorrectly , they are lik ely to pro duce a follo w-up error. F or

example, if the part-of-sp eec h tagger predicts that a w ord is a con ten t w ord

rather than a function w ord, the sym b olic proso dy prediction will probably

put an accen t on that w ord, ev en though it should not b e accen ted.

Automatic training of statistical mo dels is usually carried out on corp ora
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that ha v e b een lab elled semi-automatically , i.e. where the annotations w ere

c hec k ed man ually . Th us, the annotations are near-p erfect. Therefore, the

statistical mo dels that w ere trained on p erfect data mak e their predictions

based on the assumption that their input is p erfect. When these mo dels are

then implemen ted in to a TTS system, they will most certainly get input that

con tains some errors. Some of these errors will ha v e no further e�ect, some

will lead to follo w-up errors. T w o metho ds aiming at reducing error accu-

m ulation in a TTS system are explained in the follo wing sections: The �rst

one uses only automatically predicted features during training, the second

one predicts the acoustic parameters directly without using an y in termediate

sym b olic proso dy features.

1.4.1. T raining on Automatically Predicted F eatures

The �rst metho d uses the same to ols and mo dels that are implemen ted in

the resp ectiv e TTS system to lab el the training data. F or example, for the

training of the sym b olic proso dy prediction mo del, the automatic predictions

of the POS tagger and the c h unk tagger are used without an y man ual correc-

tions. In addition, the newly-trained proso dic b oundary prediction mo del is

used to relab el the training data, i.e. whenev er the mo del predicts a proso dic

b oundary , this is annotated in the database. The accen t prediction mo del is

then trained on this partly erroneously lab elled database. The predictions

of the accen t mo del are in turn used to re-lab el the database with accen t

information for the training of duration and F0 prediction mo dels.

T raining the mo dels on automatically predicted features has the follo w-

ing adv an tage: Since the mo dels are trained on erroneous data, they can

�learn� to mak e righ t predictions from erroneous input (as long as the errors

are not random). When implemen ted in a complete TTS system, the predic-

tions for duration and F0 migh t b e b etter than those from mo dels that w ere

trained on p erfect data.

F ordyce & Ostendorf (1998) compared t w o mo dels for accen t prediction:
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The �rst mo del w as trained on a database con taining man ually corrected

proso dic b oundaries, the second mo del w as trained on automatically pre-

dicted b oundaries. The accuracy of the �rst mo del deteriorated from 86.8%

to 86.3% when it receiv ed automatically predicted features as input, whereas

the second mo del reac hed an accuracy of 86.7% on automatically predicted

features. They concluded that most of the loss in accuracy can b e regained b y

retraining the accen t prediction mo del on automatically predicted features.

In a forced-preference comparison listening test, F ac krell et al. (1999)

compared the follo wing t w o metho ds for the prediction of duration and F0:

The �rst metho d (called MAN) used mo dels that w ere trained on a man ually

corrected database, whereas the second metho d (called A UT) used only au-

tomatically lab elled training data. Both metho ds w ere compared with eac h

other, as w ell as to cop y-syn thesised utterances (i.e. duration and F0 v alues

w ere copied from a recording) and a pre-existing TTS system. F ac krell et al.

(1999) found that the di�erence b et w een MAN and A UT is not signi�can t,

and that the cop y-syn thesised originals are signi�can tly b etter than MAN

and the pre-existing TTS system.

Both studies suggest that prediction mo dels can b e trained on auto-

matically predicted features without resulting in a deteriorated p erformance.

Ho w ev er, there are t w o p oten tial problems to b e addressed:

1. The mo dels are trained on data con taining v ery system-sp eci�c er-

rors. Whenev er a mo del further up the pro cessing c hain is c hanged, al l

mo dels that dep end on its output ha v e to b e retrained. In con trast, a

mo del that is trained on man ually corrected data can b e applied more

generally .

2. If the TTS system is not used as a �blac k b o x�, but rather as an instruc-

tional or researc h to ol (suc h as MAR Y), the user is able to man ually

c hange in termediate represen tations. This can lead to rather strange

b eha viour of mo dels that ha v e b een trained on automatically predicted

data. Consider the follo wing example: F or some reason the sym b olic
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accen t prediction alw a ys wrongly predicts a p eak (high) accen t instead

of a v alley (lo w) accen t under certain conditions. Imagine that the F0

prediction has learned to correct this error b y assigning a lo w F0 v alue

under these conditions, ev en though the sym b olic accen t prediction

predicts a p eak accen t. If a user no w explicitly assigns a p eak accen t,

it migh t happ en that the pro duced output will ha v e a lo w F0 v alue for

the phonemes in the a�ected syllables.

As describ ed in Section 3.2.2, the imp ortance of using man ually cor-

rected features w as tested in a preliminary exp erimen t. As sho wn in T able

3.3, the di�erences in accuracy b et w een prediction tasks using only automat-

ically predicted features vs. using man ually corrected features w ere rather

small.

Therefore, and as a solution to the problems describ ed ab o v e, the �nal

sym b olic prediction mo dels describ ed in Section 3.2 w ere trained on auto-

matically predicted features, whereas the so-called Symb olic duration and

F0 prediction mo dels describ ed in Section 3.3 w ere trained on c orr e ct sym-

b olic proso dy features.

1.4.2. Direct Prediction

The second metho d aims at reducing error accum ulation simply b y predicting

duration and F0 v alues directly without in termediate sym b olic proso dy pre-

diction. So-called Dir e ct prediction mo dels, whic h do not use an y sym b olic

proso dy features, are describ ed in Section 3.3. Both the Sym b olic and the

Direct mo dels are included in the p erceptual ev aluation (Chapter 4), sho wing

that they do not di�er signi�can tly .

Nev ertheless, the Direct prediction metho d is not a viable solution for

TTS systems that are to b e used as instructional or researc h to ols, b ecause

it do es not o�er an in termediate sym b olic proso dy represen tation that could

b e manipulated b y the user.
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As illustrated in Section 1.3, di�eren t mac hine learning algorithms often lead

to similar results as long as the c hosen database (corpus) con tains the infor-

mation needed for training. The c hoice of a suitable corpus and the repre-

sen tation of the data is of utmost imp ortance. In order to train mo dels for

proso dy prediction w e need a sp eec h corpus that is annotated with informa-

tion ab out:

� w ord b oundaries

� syllable b oundaries

� phonemic (ev en b etter: phonetic) segmen tal lab els

� pauses

� proso dic phrase b oundaries

� accen ts (lo cation and t yp e)

� b oundary tones or phrase-�nal in tonation con tours

� lexical stress.

Unfortunately , corp ora of read sp eec h with these lev els of annotation

do not ab ound for German. Apart from the �Kiel Corpus of Read Sp eec h�

1

,

whic h is describ ed in detail in the follo wing sections, I kno w of only t w o other

German annotated sp eec h corp ora: the �IMS German Radio News Corpus�

(Rapp, 1998) and the �Siemens Syn thesis Corpus (SI1000P)�

2

. Both con tain

read sp eec h of professional broadcasting announcers. The former consists of

1

http://www.ipds.uni-kiel.de /pub lika tio nen/ kcrs p.en .htm l

2

http://www.phonetik.uni-mue nche n.de /Ba s/Ba sSI1 000P eng. html
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radio news items and is a v ailable up on p ersonal request. The latter con tains

1000 newspap er sen tences, and the license is rather exp ensiv e. Both corp ora

are only partly annotated with the required information, and the automatic

segmen tal annotations w ere not man ually v eri�ed for the whole material.

The K CoRS has sev eral adv an tages: It is publicly a v ailable at a lo w

price, it is almost completely annotated with the information needed for

proso dy prediction, and the annotations are man ually v eri�ed. Nev ertheless,

it has one dra wbac k: It consists mostly of isolated sen tences (there are just

t w o complete texts). Proso dic phenomena that dep end on paragraph or

information structure cannot b e mo delled with the K CoRS. P ause mo delling

is also practically imp ossible (cf. Section 3.1). Ho w ev er, those shortcomings

are out w eighed b y the v ery comprehensiv e and consisten t annotation.

Another question that arises when c ho osing a suitable corpus is whether

one should base the proso dic mo dels on read or rather on sp on taneous sp eec h.

The Institute of Phonetics and Digital Sp eec h Pro cessing (IPDS) at the Uni-

v ersit y of Kiel also o�ers the �Kiel Corpus of Sp ontane ous Sp eec h� (K CoSS),

whic h is annotated in the same w a y as the K CoRS. So, wh y not use the

K CoSS, since its con ten ts are m uc h closer to sp eec h o ccurring in real life

than the ones of the K CoRS? One of m y goals w as to impro v e MAR Y, a

German text -to-sp eec h system, whic h is a reading mac hine, rather than a

comm unication mac hine. Of course, MAR Y could b e used as the output de-

vice of a dialogue system. Ho w ev er, an imp ortan t prerequisite w ould b e that

the generated utterances are also �sp on taneous�. T o m y kno wledge, breath-

ing, bac k-c hannel utterances, grun ts, hesitations and similar c haracteristics

of con v ersational sp eec h are not implemen ted in curren t dialogue systems.

So, for the time b eing, it mak es more sense to train the statistical mo dels on

read sp eec h rather than on sp on taneous sp eec h.

It is v ery imp ortan t to get to kno w the details of a database b efore

starting to train an y mo dels. F or example, the �rst German syn thesiser that

w as built for the unit-selection syn thesis system CHA TR (Blac k & T a ylor,

1994) w as v ery unsatisfactory (sometimes ev en unin telligible) mainly for t w o
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reasons (Brinc kmann, 1997):

1. W e had not realised that the t w o sp eak ers who had read the complete

textual material of the K CoRS w ere eac h named with t w o di�eren t

IDs in di�eren t parts of the corpus ( kko and k61 for the male sp eak er,

and rtd and k62 for the female sp eak er). Th us, less than half of the

a v ailable sp eec h material w as used at �rst.

2. W e did not kno w that the segmen tal lab elling in the K CoRS is mostly

phonemic (with only a few phonetic additions). F or example, w e b e-

liev ed that a segmen t lab elled with / i: / is alw a ys a tense long v o w el,

when in fact it is often realised as a short sc h w a-lik e v o w el in function

w ords. So, when suc h a reduced v arian t w as used b y CHA TR within an

accen ted, unreduced syllable, the resulting syn thesised sp eec h b ecame

almost unin telligible.

In Section 2.1 and 2.2 the material and the original annotation of the

K CoRS are describ ed in detail. These t w o sections are mainly written for

those who w ould lik e to use the K CoRS themselv es but are daun ted b y the

lab elling format, whic h can b e rather confusing for �rst-time users. In Section

2.3, I describ e the features that I added to the K CoRS and the to ols I used

for these additions. Finally , I conclude with some remarks on the limitations

of the K CoRS, and wh y some features w ere not added.

2.1. The Kiel Co rpus of Read Sp eech

The K CoRS is a corpus of read German, whic h w as collected and annotated

at the IPDS. It comprises o v er four hours of lab elled read sp eec h and is

a v ailable on CD-R OM (IPDS, 1994).

The K CoRS originates from the PHOND A T pro ject, preparatory w orks

starting in 1989. The aim of the pro ject w as to build a phonetic database of

sp ok en German as a resource for automatic sp eec h recognition and general
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linguistic, phonological and phonetic questions (K ohler, 1992d). Within the

PHOND A T pro ject, the same textual material (describ ed in Section 2.1.1)

w as used for recordings at four di�eren t univ ersities in German y � Bo c h um,

Bonn, Kiel and Münc hen. Only the sp eec h material recorded at the Univ er-

sit y of Kiel constitutes the K CoRS.

2.1.1. T extual Material

The textual material

3

consists mostly of isolated sen tences tak en from a v a-

riet y of con texts.

� Phonetically balanced material (398 sen tences

4

): The starting

p oin t for the compilation of phonetically balanced material w ere the

`Berlin and Marburg sen tences' (Sotsc hec k, 1984). These are short

sen tences with high-frequency v o cabulary , whic h con tain all German

phonemes and man y of the phoneme pairs that are allo w ed according

to the phonotactic restrictions of German (K ohler, 1992c). The other

sen tences of the phonetically balanced material w ere c hosen so that all

p ossible German phoneme pairs are co v ered.

� T w o short stories (22 sen tences): �Die Buttergesc hic h te� and �Nord-

wind und Sonne� (German v ersion of �The North wind and the Sun�).

� T rain timetable queries (204 sen tences):

� �Siemens sen tences�: in v en ted, grammatically correct sen tences,

e.g. Ich br auche für üb ernächsten Montag nachmittag eine Zug-

verbindung von Baden-Baden nach Oldenbur g.

� �Erlangen sen tences�: selected transliterations of recorded sp on-

taneous dialogues (not alw a ys grammatically correct), e.g. Grüÿ

3

The complete textual material of the K CoRS is listed on the follo wing w eb pages:

http://www.phonetik.uni-muen che n.de /Bas /Bas PD1C onte nts

http://www.phonetik.uni-muen che n.de /Bas /Bas PD2C onte nts

4

In the K CoRS, ev erything that ends either in a full stop, a question mark, or an excla-

mation mark coun ts as a sen tence.
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Gott, ich br äuchte eine F ahrkarte nach Hambur g und wol lte fr a-

gen, also wann der Zug ab geht dann.

In total, these are 624 sen tences, con taining 4932 w ord tok ens and 1673

w ord t yp es (i.e. orthographically di�eren t w ords). The main textual c har-

acteristics are summarised in T able 2.1. With a mean v alue of 7.9 w ords,

the sen tences are relativ ely short. The shortest sen tences consist of only one

w ord, and all of them are �Erlangen sen tences� (e.g. nein or danke ). This

illustrates that one-w ord utterances are quite p ossible in sp on taneous sp eec h.

The longest sen tence con tains 29 w ords and is part of the short story �Die

Buttergesc hic h te�.

complete phonetically rest

material balanced

mean sen tence length (in w ords) 7.9 6.2 11.0

frequency of sen tences

22.3% 10.1% 43.8%

with at least one comma

frequency of

16.3% 5.8% 35.0%

in terrogativ e sen tences

frequency of exclamations 4.6% 6.5% 1.8%

T able 2.1.: Characteristics of the K CoRS textual material. Figures are giv en

for the complete textual material and t w o subsets: the phoneti-

cally balanced material and the rest of the corpus (i.e. short stories

and train timetable queries).

The histogram of sen tence lengths in Figure 2.1 sho ws that the single

most frequen t sen tence length is 5 w ords (sen tences with a length of 5 w ords

mak e up more than a quarter of the whole corpus), but this p eak is almost

en tirely caused b y the phonetically balanced material. Within the rest of

the textual material, the sen tence lengths are m uc h more ev enly distributed.

Only 22.3% of the 624 sen tences con tain a comma, whic h is mainly due to

the general shortness of the sen tences. The K CoRS includes 102 in terroga-

tiv e sen tences (sen tences ending with a question mark) and 29 exclamations

(sen tences ending with an exclamation mark).
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Figure 2.1.: Histogram of sen tence lengths (coun ted in n um b er of w ords) in

the textual material of the K CoRS. Notice the di�erence b et w een

the phonetically balanced material (mostly short sen tences) and

the short stories and train timetable queries (longer sen tences,

more ev enly distributed sen tence lengths).

All of these textual c haracteristics ha v e to b e k ept in mind as p ossible

in�uencing factors for the p erformance of the statistical mo dels that w ere

trained on the database.

2.1.2. Reco rdings

The PHOND A T pro ject w as carried out in t w o phases. F or PHOND A T1 the

phonetically balanced material and the short stories w ere recorded. PHON-

D A T2 co v ered the train timetable queries.

A t the IPDS, 53 sp eak ers (26 female, 27 male, all older than 20 y ears)

w ere recorded in a sound-treated ro om. One female and one male sp eak er

read the whole textual material, eac h of the remaining 51 sp eak ers read a

sub corpus of the 624 di�eren t sen tences. Ev ery sp eak er w as advised to read

carefully but �uen tly . If an error o ccurred, the recording w as in terrupted b y

the sup ervisor and the sen tence w as rep eated.
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The signals w ere digitized at 16kHz sampling frequency with 16-bit res-

olution. They w ere stored in separate �les for eac h sen tence and asso ci-

ated with exactly one lab el �le with the follo wing �le naming con v en tions:

xxxyyyyy.16 for the signal �les and xxxyyyyy.s1h for the lab el �les, where

xxx is the sp eak er ID and yyyyy the sen tence ID

5

. F or the PHOND A T1 ma-

terial, the sp eak er ID follo ws the format k < numb er >, and information ab out

the sp eak er is co ded as follo ws:

� ev en numb er ! female sp eak er

� o dd numb er ! male sp eak er

� numb er < = 30 ! sp eak er is not older than 30

� numb er > 60 ! sp eak er is older than 30.

This co ding con v en tion w as abandoned in PHOND A T2, so that the t w o

sp eak ers who read the whole corpus eac h ha v e t w o di�eren t sp eak er IDs,

dep ending on the part of the corpus: the female sp eak er is named k62 and

rtd , the male sp eak er has the sp eak er IDs k61 and kko . F or the training

of the proso dy mo dels (cf. Chapter 3), only the data of those t w o sp eak-

ers is used. The complete sp eec h material of kk o/k61 is 43.5 min utes long,

rtd/k62's material amoun ts to 41 min utes. Deducting all pauses (most of

them are at the b eginning and at the end of a �le), this leads to 29 min utes

(kk o/k61) and 26 min utes (rtd/k62) of `pauseless' sp eec h material.

2.2. Original Annotation

The c haracter set used in the lab el �les is 7-bit ASCI I, where German umlauts

are represen ted with sp ecial c haracters (e.g. � } � for � ü �). As can b e seen in

the example in Figure 2.2, the lab el �les ha v e the follo wing syn tax:

<name of lab el �le>

<orthograph y>

oend

5

F or the PHOND A T2 material, the sen tence ID consists only of four digits ( yyyy ).



36 2. Database

<canonical transcription>

kend

<realised form>

hend

<start sample> <lab el> <start time>

<start sample> <lab el> <start time>

. . .

The canonical transcription w as deriv ed semi-automatically from the

orthograph y b y man ually correcting the output of the grapheme-to-phoneme

con v ersion mo dule of the German text-to-sp eec h syn thesis system R ULSYS

(K ohler, 1992a).

The �eld <realised form> con tains the sequence of all lab els from the

<lab el> section without an y p osition mark ers. Aiming for brevit y , the la-

b els are v ery compact and rather hard to decipher for �rst-time users of the

K CoRS. F or example, #&1( lab els an early p eak accen t with the accen tua-

tion lev el 1, whereas #&1. denotes the in tonation con tour �mid fall�. In the

follo wing sections, all annotation sym b ols for the �eld <lab el> are describ ed

in detail.

2.2.1. Orthography

The orthographical represen tation of the w ords is giv en at the v ery b eginning

of the lab el �le in the �eld <orthograph y>. Within the <lab el> section, the

follo wing sym b ols relating to the orthograph y are used:

� W ord b oundaries: The sym b ol of the �rst phoneme of a w ord is mark ed

with a pre�xed ## . All lab els within a w ord are pre�xed with $ , all

others start with # .

� Sen tence b oundaries are lab elled with #c: with the same sample n um-

b er as the �rst phoneme of the sen tence.
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� Punctuation marks are alw a ys preceded b y # . ! ? . , are anno-

tated as they app ear in the <orthograph y>, other punctuations marks

(e.g. the colon) are lab elled with , .

k61be022.s1h

Achte auf die Autos!

oend

Q 'a x t @ Q aU f+ d i:+ Q 'aU t o: s !

kend

c: &2( Q- 'a x t -h @ &0 Q- aU f+ &0 d -h i:+ &1. &2)

Q- -q 'aU t -h o: s ! &2. &PGn

hend

8455 #c: 0.5283750

8455 #&2( 0.5283750

8455 ##Q- 0.5283750

8455 $'a 0.5283750

9853 $x 0.6157500

11308 $t 0.7066875

12181 $-h 0.7612500

12431 $@ 0.7768750

13378 #&0 0.8360625

13378 ##Q- 0.8360625

13378 $aU 0.8360625

14881 $f+ 0.9300000

15839 #&0 0.9898750

15839 ##d 0.9898750

16445 $-h 1.0277500

16632 $i:+ 1.0394375

18001 #&1. 1.1250000

18001 #&2) 1.1250000

18001 ##Q- 1.1250000

18001 $-q 1.1250000

18001 $'aU 1.1250000

20987 $t 1.3116250

21886 $-h 1.3678125

22588 $o: 1.4116875

25240 $s 1.5774375

29161 #! 1.8225000

29161 #&2. 1.8225000

29161 #&PGn 1.8225000

Figure 2.2.: K CoRS lab el �le k61b e022.s1h
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2.2.2. Mo rpheme Bounda ries and P a rts-of-Sp eech

Only those morpheme b oundaries that are connected with particular phonetic

c haracteristics (e.g. lengthening or aspiration) are mark ed using $# b efore the

phoneme sym b ol.

F unction w ords are mark ed b y placing the sym b ol + after the sym b ol of

the last phoneme of the w ord (e.g. $i:+ at sample 16632 in Figure 2.2).

2.2.3. Phonemes

The segmen tal lab elling of the K CoRS is �broad phonetic� (Barry & F ourcin,

1992), i.e. the segmen tal lab el in v en tory is �essen tially phonological with a

small n um b er of phonetic additions� (K ohler et al., 1995). It is based on the

canonical transcription, and the phonemes

6

are transcrib ed with a mo di�ed

v ersion of SAMP A (Sp eec h Assessmen t Metho ds Phonetic Alphab et; W ells,

2004):

� 21 v o w els (7 short v o w els, 8 long v o w els, 3 diph thongs, 2 sc h w as, 1

nasal v o w el

7

): I , Y , E , 9 , a , O , U , i: , y: , e: , 2: , E: , a: , o: , u: , aI , OY ,

aU , @ , 6 , a�

� 15 /6/ -diph thongs (short or long v o w els follo w ed b y the v o calised r

/6/ ,

e.g. /i:6/ in Bier ): I6 , Y6 , E6 , 96 , a6 , O6 , U6 , i:6 , y:6 , e:6 , 2:6 ,

E:6 , a:6 , o:6 , u:6

� 22 consonan ts, including the glottal stop /Q/ : p , b , t , d , k , g , Q , m , n ,

N , f , v , s , z , S , Z , C , x , r , h , j , l .

Whenev er the realised form deviates from the canonic transcription, the fol-

lo wing sym b ols are added:

6

Since the transcription in the K CoRS is mostly phonemic, I refer to the lab elled sounds

as �phonemes� throughout this text and refrain from distinguishing b et w een phones

and phonemes.

7

German SAMP A has sym b ols for four di�eren t nasal v o w els, but only one of them

app ears in the K CoRS.
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� Deletions are mark ed with a h yphen after the sym b ol of the deleted

phoneme, e.g. Q- .

� Insertions are mark ed with a h yphen b efore the sym b ol of the inserted

segmen t, e.g. -t .

� Replacemen ts are mark ed with a h yphen after the sym b ol of the canonic

form, follo w ed b y the realised form, e.g. n-m (where n is realised as m ).

Only phonemic c hanges (e.g. reduction from a full v o w el to sc h w a) are

lab elled this w a y , phonetic v ariations in v o w el qualit y or quan tit y are

not mark ed.

T able 2.2 lists the p ercen tage of deletions, replacemen ts and insertions of all

canonic phonemes. The most commonly deleted canonic phonemes are /Q/

(kk o/k61: 64% vs. rtd/k62: 54%), /@/ (38% vs. 47%), and plosiv e releases

(36% vs. 39%).

deletions replacemen ts insertions

kk o/k61 12.2% 2.0% 0.17%

rtd/k62 13.7% 2.1% 0.05%

T able 2.2.: P ercen tage of deletions, replacemen ts and insertions of all canonic

phonemes for sp eak ers kk o/k61 and rtd/k62.

In addition to the canonic lab els, the follo wing lab els are used to mark

phonetic asp ects of the realised segmen ts:

� Glottalisation / creaky v oice is lab elled with -q .

� Nasalisation is lab elled with -� , only if a nasal has b een deleted and

the neigh b ouring realised phonemes are nasalised.

� Hesitational lengthening: If a segmen t is hesitationally lengthened, the

lab el z: is placed at the sample n um b er of the follo wing phoneme

(i.e. after the lengthened phoneme).
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� Plosiv e release: The closure and the release phase of a plosiv e are la-

b elled separately . The release is alw a ys transcrib ed with -h , regardless

of the resp ectiv e plosiv e. If the plosiv e is follo w ed b y a fricativ e, the

plosiv e release phase is usually not lab elled separately but assigned to

the duration of the fricativ e.

� Uncertain t y: If the b eginning of a phoneme cannot b e determined with

certain t y , the corresp onding lab el is pre�xed with % .

2.2.4. Proso dy

The K CoRS is annotated with the proso dic lab elling system PR OLAB (K oh-

ler, 1995; P eters & K ohler, 2004), whic h is based on the pitc h con tour-based

Kiel In tonation Mo del (KIM; K ohler, 1997). It incorp orates the follo wing

domains: lexical stress, accen t, in tonation con tour, proso dic b oundaries, and

pauses. Lab els for accen t, in tonation con tour and proso dic b oundaries alw a ys

con tain & in order to separate them from the segmen tal lab els.

Lexical Stress

There are no syllable b oundaries mark ed in the K CoRS. Therefore, primary

and secondary lexical stress is indicated b y pre�xing the sym b ol of the v o w el

of the stressed syllable with ' or " resp ectiv ely (e.g. $'a at sample 8455 in

Figure 2.2).

F unction w ords receiv e no lexical stress marking, ev en though there are

sev eral m ulti-syllabic function w ords in German (e.g. warum , desto , we gen ).

If a function w ord carries a sen tence accen t (see b elo w), the lab el $'' is

inserted b efore the v o w el of the stressed syllable.

If the realised lexical stress p osition in a w ord deviates from the canonical

transcription, this is mark ed the same w a y as phonemic c hanges (see Section

2.2.3, e.g. a-'a: ).
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A ccent

Sen tence accen t is usually an attribute of the whole w ord. Therefore, the

accen t lab els are placed b efore the resp ectiv e w ord and pre�xed with #& . If

a w ord carries more than one accen t and one accen t lab el m ust b e placed

within a w ord, it is pre�xed with $& . Usually , the accen t falls on the syllable

with primary stress. If a v o w el is preceded b y the lab el $'' , the accen t

falls on the syllable con taining that v o w el. If a w ord carries more than one

accen t, a sen tence accen t mark er is pro vided for eac h accen t, either b efore the

resp ectiv e morpheme b oundary (if presen t), or directly b efore the accen ted

phoneme.

Within one accen t lab el, the follo wing information is co ded: accen tua-

tion lev el, accen t t yp e, alignmen t, and upstep. A complete list of all PR O-

LAB accen t lab els that o ccur in the K CoRS is giv en in App endix A.1.

A ccentuation level F our lev els of accen tuation are distinguished:

0 unaccen ted

1 partially accen ted

2 accen ted

3 reinforced.

As sho wn in Figure 2.3, the most frequen t accen tuation lev el is 0 , closely

follo w ed b y 2 . Sp eak er kk o/k61 pro duced only 39 reinforced accen ts com-

pared to 136 reinforced accen ts for sp eak er rtd/k62.

A ccent t yp e and alignment An y syllable that is not unaccen ted (i.e. is

lab elled with an accen tuation > 0 ), carries one of three p ossible accen t t yp es:

�at, p eak, or v alley . In addition, p eak and v alley lab els carry information

ab out their alignmen t, i.e. the p osition of the maxim um or minim um in the

F0 con tour with resp ect to the accen ted syllable.

Flat accen ts sho w v ery little c hange in F0 across sev eral phonemes or

syllables, ev en though an accen t can b e p erceiv ed. K ohler (2003) calls this
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Figure 2.3.: Absolute frequency of accen tuation lev els for sp eak er kk o/k61

and rtd/k62.

t yp e of accen t for c e ac c ent in order to distinguish it from pitch ac c ents , whic h

are alw a ys asso ciated with an F0 mo v emen t. In PR OLAB, �at accen ts are

lab elled with - .

P eak accen ts ha v e a lo cal maxim um in the F0 con tour in the neigh b our-

ho o d of the accen ted syllable. Three v alues for alignmen t are a v ailable for

p eak accen ts: early , mid, and late, with the resp ectiv e F0 maxim um b efore,

within, and after the n ucleus of the accen ted syllable. The PR OLAB lab els

are: ) (early p eak), � (mid p eak), and ( (late p eak). Figure 2.4 sho ws that

p eak accen ts are the most frequen t accen t t yp es for b oth sp eak ers (kk o/k61:

85.8%, rtd/k62: 85.2%).

V alley accen ts ha v e a lo cal minim um in the F0 con tour in the neigh b our-

ho o d of the accen ted syllable. Only t w o t yp es of alignmen t are distinguished

for v alley accen ts: ] (early v alley: F0 minim um b efore the n ucleus of the

accen ted syllable) and [ (non-early v alley: F0 minim um within or after the

n ucleus of the accen ted syllable).

Upstep As a default, the F0 minima and maxima of the accen ts are ex-

p ected to decline o v er the course of an utterance, so that the �rst p eak accen t

in an utterance is higher than the second one and so on (for a detailed discus-

sion of declination cf. Cohen et al., 1982). Therefore, this regular `do wnstep'

2.2. Original Annotation 43

0

200
400

600
800

1000

89

�at

93

388

early p eak

394

911

mid p eak

822

807

late p eak

896

148

early v alley

154

111

n.e. v alley

119

kk o/k61

rtd/k62

accen t t yp e

abs
olu

te
freq

uen
cy

Figure 2.4.: Absolute frequency of accen t t yp es for sp eak er kk o/k61 and

rtd/k62 (n.e. v alley = non-early v alley).

of accen ts is not lab elled. Ho w ev er, when an accen t's minim um or maxim um

is higher than, or as high as the preceding accen t, it is lab elled with upstep:

| . All accen ts with an accen tuation lev el greater than 0 can b e upstepp ed.

Only 5.2% of kk o/k61's accen ts and 5.8% of rtd/k62's accen ts are upstepp ed.

Intonation Contours

Concatenation and phrase-�nal contours PR OLAB lab els for in tona-

tion con tours b et w een accen ted w ords (so-called �concatenation con tours�)

and at the end of a proso dic phrase (phrase-�nal con tours) alw a ys end with

a punctuation mark: ; is used to lab el a minimal rise (�pseudo-terminal con-

tour�; P eters, 1999), , denotes a lo w rise, ? marks a high rise and . is used

for sev eral t yp es of falls. The . is preceded b y a digit to denote the strength

of the fall: 0 (lev el), 1 (mid fall), and 2 (terminal fall). All fal l categories

can b e com bined with all rise categories resulting in 9 additional, complex

in tonation con tours. All in tonation con tour lab els are listed in App endix

A.2. As sho wn in Figure 2.5, falls form the most frequen t class of in tonation

con tours, whereas high rises are v ery infrequen t.
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Figure 2.5.: Absolute frequency of simpli�ed concatenation and phrase-�nal

con tours (simpli�cation as describ ed in Section 3.2.2).

Phrase-initial contours Most proso dic phrases b egin with sev eral unac-

cen ted syllables, the �pre-head�. As a default, the F0 con tour of this pre-head

is lo w er than the F0 maxim um of the �rst accen ted syllable. T w o �high pre-

head� categories are lab elled in PR OLAB: HP1 marks a pre-head with a F0

con tour that is as high as the follo wing accen t, whereas HP2 is used for a

pre-head starting with a high F0 con tour that falls steadily un til the �rst

accen ted syllable is reac hed. If the �rst accen t is a v alley , it is not p ossible to

distinguish b et w een lo w and high pre-head. In these cases, the default (lo w

pre-head) is assumed.

Proso dic b ounda ries, register, and sp eech rate

Proso dic phrase b oundaries are mark ed with PGn . They are phonetically

signalled b y phrase-�nal segmen tal lengthening and usually b y F0 resetting

after them. They often coincide with pauses (see b elo w). Phrase b oundaries

are not further divided in to sub classes with di�ering b oundary strengths (a

division in to PG1 and PG2 w as planned, but has not b een carried out to date).

Usually , the declination of the accen ts is reset at the b eginning of a

proso dic phrase and the do wnstep starts anew. If there is no reset after a

proso dic phrase b oundary , the b oundary is lab elled with =PGn .

If a sp eak er deviates from his or her normal F0 range, this is lab elled
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with HR (high register) or LR (lo w register). Similarly , deviations from the

normal sp eaking rate of the sp eak er are mark ed with RP (rate plus) or RM (rate

min us). Since register and sp eec h rate lab els are v ery rare in the K CoRS (they

w ere in tro duced to PR OLAB mainly for sp on taneous sp eec h), they w ere not

used for statistical mo delling.

P auses

The follo wing t yp es of pauses are lab elled in the K CoRS:

� silen t pause ( p: )

� pause �lled with

� breathing ( h: )

� clic king or lip-smac king ( s: )

� segmen tal material b ecause the sp eak er stum bled or misread a

w ord ( v: ).

The v ast ma jorit y of the pauses pro duced b y the selected sp eak ers

kk o/k61 and rtd/k62 are silen t pauses (95% and 97% resp ectiv ely), whic h

is not surprising giv en the fact that most sen tences are rather short and

pro duced in isolation. Sp eak er kk o/k61 pro duces more pauses than sp eak er

rtd/k62, whic h is in line with his slo w er sp eec h rate.

proso dic b oundary t yp e

no b oundary reset no reset total

kk o / rtd kk o / rtd kk o / rtd kk o / rtd

pause 0 / 1 673 / 653 2 / 4 675 / 658

no pause 3967 / 3905 236 / 311 54 / 58 4257 / 4274

total 3967 / 3906 909 / 964 56 / 62 4932

T able 2.3.: Co-o ccurrences of follo wing proso dic b oundaries and pauses p er

w ord for sp eak er kk o/k61 and rtd/k62.

Summarising the co-o ccurrences of pauses and proso dic b oundaries in

T able 2.3, w e can form ulate the follo wing sets of simple rules:
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1. prediction of pauses from b oundaries (accuracy: 94.4%)

� no b oundary ) no pause

� �no reset� b oundary ) no pause

� reset b oundary ) pause

2. prediction of b oundaries from pauses (accuracy: 93.2%)

� pause ) reset b oundary

� no pause ) no b oundary

Since most pauses o ccur at the b eginning or at the end of the sp eec h

�les, w e ha v e v ery little data ab out the duration of pauses. Therefore, the

K CoRS is not a suitable training database for pause mo delling (cf. Section

3.1).

2.3. A dded F eatures and Changes

Although the K CoRS already con tains a lot of information and is annotated

v ery consisten tly , I added sev eral features

8

that are imp ortan t for proso dy

prediction. Concerning the textual data these are: sen tence t yp e, part of

sp eec h, syn tactic phrases, grammatical functions, and w ord frequencies. The

annotation of the sp eec h signal w as enric hed with information ab out syllable

b oundaries and F0 median v alues. In addition to some minor c hanges to the

orthograph y , I c hanged the annotation of lexical stress and some phoneme

lab els. All these additions and c hanges are describ ed in detail in the follo wing

sections.

Since the mo dels that are trained on these features shall ev en tually b e

implemen ted in MAR Y as an alternativ e proso dy prediction, the to ols I c hose

for automatically adding features to the K CoRS had to satisfy one of the

follo wing conditions: They had to b e either:

8

All �les con taining the added features are a v ailable from

http://www.brinckmann.de/KaR S/ .
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� already implemen ted in MAR Y (part-of-sp eec h tagger, syn tactic c h unk

tagger)

� easily implemen table with a small algorithm (sen tence t yp e, syllable

b oundaries)

� publicly a v ailable (w ord frequencies from CELEX)

� a v ailable within the DFKI (SCHUG parser for grammatical functions).

Some of the automatically added features w ere corrected man ually (part-

of-sp eec h, syn tactic phrases, grammatical functions, syllable b oundaries),

others w ere not corrected, either b ecause this w ould ha v e b een to o time-

consuming (F0 v alues) or b ecause it is unnecessary (sen tence t yp e, w ord fre-

quencies). Both automatically deriv ed and man ually corrected feature sets

w ere tried out for sym b olic proso dy prediction (cf. Section 3.2) in order to

estimate the amoun t of error in tro duced to the mo dels b y erroneous feature

v alues.

2.3.1. T extual Data

Orthography

In order to facilitate textual pro cessing, the orthograph y w as c hanged in the

follo wing cases:

� sp elling mistak es w ere corrected, e.g. Jung's in sen tence mr006 w as

c hanged to Jungs

� n um b ers w ere expanded, e.g. 11. in sen tence cn020 w as con v erted in to

elften

� sp ellings of denominations for the time of da y w ere harmonised follo w-

ing Ÿ55(6) of the new regulations of German orthograph y (IDS, 1996):

denominations for the time of da y are capitalised when they follo w

heute , (vor)gestern or (üb er)mor gen , e.g. heute A b end .



48 2. Database

Sentence T yp e

Brinc kmann & Benzm üller (1999) sho w ed that in German scripted sp eec h the

four utterance t yp es statemen t, wh-question, y es/no-question, and declara-

tiv e question di�er signi�can tly concerning �nal b oundary tone, F0 range,

and F0 slop e. Therefore, ev ery sen tence in the textual material of the K CoRS

w as automatically lab elled with one of the follo wing sen tence t yp es: state-

ment (ends with a full stop), exclamation (ends with an exclamation mark),

or question (ends with a question mark). The questions w ere further sub di-

vided in to the t yp es listed in T able 2.4.

t yp e description example

wh-question con tains an in terrog-

ativ e pro-form

W ann geht der

nächste Zug nach

Mannheim?

y es-no question in�ected v erb at the

b eginning of the sen-

tence

Steigt Dein Dr achen

sehr ho ch?

negativ e y es-no q. con tains nicht or kein Muÿ der Zucker nicht

dort drüb en stehen?

alternativ e question presen ts t w o p ossible

answ ers connected

with o der

Wünschen Sie

R aucher o der Nich-

tr aucher?

declarativ e question same w ord order as in

a statemen t

Und sp äter fährt

keiner mehr?

p olite request starts with Könnten

Sie ... or Können Sie

...

Könnten Sie mir bitte

Züge von R e gensbur g

nach F r ankfurt heute

ab end sagen?

T able 2.4.: Question t yp es in the textual material of the K CoRS.

As can b e seen in Figure 2.6, the most frequen t sen tence t yp e in the

K CoRS is the statemen t (78.7%). 104 sen tences (16.7%) w ere classi�ed as

questions

9

, and only 29 (4.6%) as exclamations.

9

T w o sen tences ending with a full stop w ere classi�ed as p olite requests, th us falling in to

the category �question�.
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Figure 2.6.: Histogram of sen tence t yp es in the textual material of the K CoRS

(q. = question, neg. =negativ e).

P a rt-of-Sp eech T ags

The original annotation of the K CoRS distinguishes b et w een function and

con ten t w ords, re�ecting the assumption that function w ords are usually

unaccen ted. A more re�ned part-of-sp eec h classi�cation could b e helpful for

the prediction of accen tuation. F or example, separated v erbal particles and

attributiv e inde�nite pronouns ( keine , b eide ) are often accen ted, ev en though

they are usually classi�ed as function w ords.

P art-of-sp eec h tagging w as carried out in t w o steps. First, the statistical

tagger T nT (Bran ts, 2000) w as applied to the textual data. The German

language mo del of T nT had b een trained on the annotated NEGRA corpus

(Bran ts et al., 1999) using the Stuttgart-Tübingen tag set (STTS). Second,

the tags w ere man ually corrected follo wing the guidelines for STTS (Sc hiller

et al., 1995).

A comparison b et w een the statistically tagged data and the man ually

corrected v ersion rev ealed that only 3.4% of the tags had to b e corrected.

T able 2.5 sho ws that T nT p erforms signi�can tly b etter on kno wn tok ens

(i.e. tok ens that are part of the lexicon generated from the NEGRA corpus)
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than on unkno wn tok ens. Ev en though the K CoRS textual data is rather

unlik e the NEGRA corpus (whic h is a collection of newspap er texts), the

accuracy �gures are v ery similar.

p ercen tage tagging accuracy

unkno wn tok ens kno wn tok ens unkno wn tok ens o v erall

K CoRS 10.9% 97.8% 86.9% 96.6%

NEGRA 11.9% 97.7% 89.0% 96.7%

T able 2.5.: T nT's part-of-sp eec h tagging accuracy for the K CoRS textual

data and the NEGRA corpus (�gures for NEGRA from Bran ts,

2000). Unkno wn tok ens are tok ens that are not in the lexicon

generated from the NEGRA training corpus.

Out of 54 p ossible STTS tags, 47 are presen t in the K CoRS (see Ap-

p endix B.1 for a complete list of STTS tags with examples and information

ab out their absolute frequency in the K CoRS). Only the follo wing sev en tags

are missing: APPO, FM, PPOSS, PRELA T, TR UNC, VMPP , and XY.
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Figure 2.7.: Histogram of simpli�ed part-of-sp eec h categories in the textual

material of the K CoRS.
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Syntactic Chunks

W ords that b elong to the same syn tactic phrase are usually not separated

b y a proso dic phrase break, at least in read sp eec h. MAR Y uses the c h unk

tagger (Skut & Bran ts, 1998) to recognise syn tactic structures of limited

depth. The c h unk tagger w as applied to the textual material of the K CoRS,

and the output w as corrected man ually .

The c h unk tagger assigns the phrasal categories used in the NEGRA

corpus (Bran ts et al., 1999), but only m ulti-w ord phrases receiv e suc h a

phrasal c h unk tag (44.5% of all w ord tok ens in the K CoRS are not part of

a m ulti-w ord phrase). F or example, if a noun phrase consist only of one

pronoun, it k eeps the POS tag assigned b y T nT.

Out of 20 p ossible phrasal c h unk tags, 14 are presen t in the K CoRS (see

T able B.3 in App endix B.2 for a detailed list). By far the most frequen t

phrasal c h unk tags are NP (noun phrase) and PP (adp ositional phrase) �

together with their resp ectiv e co ordinated v arian ts (CNP and CPP) they

mak e up 92% of the lab elled m ulti-w ord phrases (see Figure 2.8). T op-lev el

c h unk phrases, i.e. c h unk phrases that are not em b edded in an y other phrase,

mak e up 81.9% of all m ulti-w ord phrases.
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Figure 2.8.: Histogram of m ulti-w ord phrasal c h unk tags in the textual ma-

terial of the K CoRS. Figures for NP , PP , AP and A VP are giv en

together with their resp ectiv e co ordinated v arian ts. All other

c h unk tags are collapsed in to the category �rest�.
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A comparison of the automatically deriv ed top-lev el categories with the

man ual corrections rev ealed a w ord-lev el accuracy of 85.1% (i.e. the top-

lev el phrasal category or POS of 85.1% of all w ord tok ens w as not c hanged

man ually). Regarding the absolute p osition of eac h w ord within the top-lev el

c h unks (i.e. whether it is the �rst, second, third etc. w ord within the c h unk),

the c h unk tagger reac hed an accuracy of 87.4%.

Grammatical F unctions

W olters & Mixdor� (2000) rep orted that the grammatical function of a phrase

has an in�uence on the accen tabilit y of the w ords it con tains, e.g. nouns in

genitiv e adjuncts are less lik ely to b e accen ted than nouns in sub jects. This

could b e explained b y the fact that genitiv e adjuncts are frequen tly used to

link new discourse en tities to discourse-old en tities or w orld kno wledge.

MAR Y con tains no grammatical function tagger y et, but the SCHUG

parser dev elop ed at the DFKI (Declerc k, 2002) is readily a v ailable for this

purp ose. Therefore, SCHUG w as used to assign phrasal categories and gram-

matical functions to the textual material of the K CoRS. The SCHUG parser

is a rule-based system using morphological and part-of-sp eec h information.

In con trast to the c h unk tagger, it assigns phrasal categories also to phrases

consisting of only one w ord. T able 2.6 lists all SCHUG categories and their

p ossible grammatical functions.

SCHUG w as applied to the complete textual material of the K CoRS,

and its output w as corrected man ually . As sho wn in Figure 2.9, the most fre-

quen t SCHUG categories in the K CoRS are NP , V G and PP . If the grammat-

ical function of a noun phrase is am biguous (according to SCHUG's rules),

SCHUG assigns a set of all grammatical functions that are deemed p ossible

for that phrase. Since this is the case for 49.7% of the automatically de-

riv ed noun phrases (ev en for some pronouns with o v ert case marking), some

impro v emen t is necessary here. Another �eld for future impro v emen ts of

SCHUG is the recognition of em b edded phrases. An insp ection of the man-
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category description p ossible grammatical functions

AP adjectiv e phrase PREDICA TIVE_AP

A dvP adv erbial phrase PREDICA TIVE_AD VP

NP noun phrase SUBJ, SUBJ/DEEP_OBJ,

AKK_OBJ, D A T_OBJ, GEN_OBJ,

NP_ADJUNCT_GEN,

PREDICA TIVE_NP

PP prep ositional phrase PP_ADJUNCT, PP_OBJ

SUBORD_ sub ordinated clause XADJUNCT, X COMP

CLA USE

V G v erb group �

W w ord (conjunctions) �

T able 2.6.: SCHUG categories and p ossible grammatical functions.

ually corrected SCHUG phrases sho w ed that 16.0% of all SCHUG phrases

in the K CoRS are em b edded phrases (see T able B.2 in App endix B.2). Cur-

ren tly , SCHUG is only capable of recognising top-lev el phrases.
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Figure 2.9.: Histogram of SCHUG categories in the textual material of the

K CoRS (SUB = SUBORD_CLA USE).

A comparison of the automatically deriv ed top-lev el categories with the

man ual corrections rev ealed a w ord-lev el accuracy of 76.3% (i.e. the top-lev el

SCHUG category of 76.3% of all w ord tok ens w as not c hanged man ually),

whereas the grammatical functions w ere correct only for 51.0% of all w ords.

Regarding the absolute p osition of eac h w ord within the resp ectiv e top-lev el
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phrase (i.e. whether it is the �rst, second, third etc. w ord within the phrase),

the SCHUG parser reac hed an accuracy of 78.3%. A t �rst glance these

accuracy �gures seem to suggest that the SCHUG parser p erforms w orse

than the c h unk tagger. Ho w ev er, almost half of the w ords do not receiv e a

phrasal c h unk tag from the c h unk tagger, instead they k eep their original

part-of-sp eec h tag. So the accuracy of the c h unk tagger b ene�ts v ery m uc h

from the reliabilit y of T nT. Nonetheless, b oth the SCHUG parser and the

c h unk tagger need further impro v emen t.

W o rd F requencies

Fidelholtz (1975) sho w ed that the frequency of a w ord has a signi�can t ef-

fect on the reduction of its v o w els (the higher the w ord frequency , the more

probable a v o w el reduction). W ord frequency also correlates with the con-

ten t/function w ord distinction: F unction w ords usually ha v e a higher fre-

quency than con ten t w ords. Th us, the accen tabilit y of a w ord migh t b e

rather a consequence of its frequency than of its part-of-sp eec h.

Ev en if homographic w ordforms are distinguished regarding their part-

of-sp eec h, the textual material of the K CoRS con tains only 1733 di�eren t

w ordforms. Since a TTS system has to rely on a m uc h bigger lexicon, the

frequency information that w as added for eac h w ordform w as not computed

directly from the K CoRS. Instead, it w as tak en from the lexical database

CELEX (Baa y en et al., 1995). The frequency information in CELEX is

based on the �Mannheim� corpus (1984 v ersion) of the �Institut für Deutsc he

Sprac he�, whic h con tains ab out 6.0 million w ords from mostly written and

some sp ok en sources.

CELEX o�ers a v ariet y of frequency �gures, b oth for lemmas and for

w ordforms. I c hose MannMln , i.e. the w ordform frequency scaled do wn to

a range of 1 to 1.0 million (instead of the original 1 to 6.0 million). The

minimal v alue of MannMln in CELEX is 0, the maxim um is 25287 (for the

w ord und ). Those 227 w ordforms of the K CoRS that are not presen t in
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CELEX (mostly nouns), also receiv ed the frequency v alue 0 (totalling in 352

zero-frequency w ordform t yp es).

Of course there are w ordforms that are v ery frequen t in the K CoRS, but

not that frequen t in the Mannheim corpus. F or example, the most frequen t

w ordform in the K CoRS is nach (142 tok ens), whic h is due to the large n um-

b er of train timetable queries (suc h as s008 : Ich mö chte mor gen ab end nach

Köln fahr en ). In the Mannheim corpus, nach receiv es the frequency �gure

of 1738 (when scaled do wn to the size of the K CoRS, this is the equiv alen t

of 9 tok ens). Nev ertheless, b oth the frequency �gures based on the K CoRS

itself as w ell as the ones from CELEX b eha v e v ery similarly when it comes to

their distribution within the K CoRS. As can b e seen in Figure 2.10, there are

man y w ordforms in the K CoRS with a lo w frequency �gure (e.g. 1 or �only

in the case of CELEX frequency �gures� 0), some with a medium frequency

�gure, and only v ery few w ordforms with a high frequency �gure.

2.3.2. Sp eech Data

Phonemes

In the original annotation, all plosiv e releases are lab elled with -h , suggesting

that the release phase is not canonic, but rather an insertion. Since release

phases of fortis plosiv es are generally longer than lenis releases, their lab els

w ere c hanged, marking them separately with the additional sym b ols p_h ,

t_h , k_h , b_h , d_h , g_h . F urthermore, the plosiv e releases w ere regarded as

canonic.

Lexical Stress

Lexical stress information w as added for all function w ords, so that all w ords

receiv ed one primary stress lo cation.

In the original annotation of the K CoRS, t w o w ords carry t w o primary

stress lo cations: B ' aden-B ' aden and sp ' ät ' ab ends . After listening to the



56 2. Database

CELEX frequency �gures

?

K CoRS frequency �gures

freq
uen

cy
of

freq
uen

cy

wit
hin

the
K

Co
RS

w ordform frequency

0 1 2 3 4 5 6 7 8 9 10

0

200
400

600
800

1000

1200

1400

?

?
? ? ? ? ? ? ? ?

Figure 2.10.: F requency of CELEX and K CoRS frequency �gures of w ord-

form t yp es in the K CoRS textual material. X-axis: The fre-

quency �gure for eac h w ordform is either computed directly

from the K CoRS (K CoRS frequency �gures) or tak en from the

MannMln �gure of CELEX and scaled do wn to the size of the

K CoRS (CELEX frequency �gures). Y-axis: The frequency of

frequency of w ordform t yp es is based on the K CoRS textual

material. Note that only the CELEX frequency �gure can ha v e

a v alue of 0.

realisations of the sp eak ers, one primary stress lo cation w as c hanged to a

secondary stress: B " aden-B ' aden and sp " ät ' ab ends .

Syllable Bounda ries

Automatic syllabi�cation w as carried out with a simple algorithm whic h de-

�ned ev ery v o w el as syllable n ucleus and ev ery sonoran t /m,n,N,l/ that is

preceded b y a consonan t as p oten tial syllable n ucleus. The syllabi�cation of

the segmen ts b et w een the established n uclei w as based on the follo wing rules

and standard phonological principles:

� Ev ery w ord b oundary and ev ery lab elled morpheme b oundary is a syl-

lable b oundary .
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� A glottal stop / Q / is alw a ys the onset of a syllable.

� Plosiv e closure and follo wing plosiv e release or fricativ e (in case of

a�ricates) are not separated b y a syllable b oundary .

� Am bisyllabicit y: a consonan t follo wing a lax v o w el in a V CV pattern

is mark ed as am bisyllabic.

� Obligatory Co da: a syllable m ust b e closed (or follo w ed b y an am bi-

syllabic consonan t) after a short, lax v o w el (except / @ , 6 /).

� Maximal Onset Principle: mak e the syllable onset as long as it legiti-

mately can b e according to the phonotactic restrictions of German.

T w o t yp es of syllable b oundaries w ere distinguished: � _ � marks a sylla-

ble b oundary whic h is follo w ed b y an am bisyllabic consonan t, while normal

syllable b oundaries are mark ed with � - �.

The syllabi�cation algorithm w as applied to t w o datasets: The �rst one

(the `lexicon') con tained all w ordforms of the K CoRS with their resp ectiv e

canonic phoneme sequence, the second one (`connected sp eec h'), consisted of

all realised phone sequences of the t w o sp eak ers kk o/k61 and rtd/k62. Both

syllabi�ed datasets w ere corrected man ually , the second one b y listening to

all utterances of the t w o sp eak ers. Compared to the man ual corrections,

for the `lexicon' 99.1% of the automatically deriv ed syllable b oundaries are

correct, while for `connected sp eec h' the accuracy dropp ed to 97.2%. This is

mainly due to the follo wing phenomena:

� P ostlexical resyllabi�cation across w ord b oundaries, e.g. in k61be031 :

gibt es realised as / g g_h I p - t t_h E s /.

� Glottal stop / Q / is p ossible at the end of a syllable when it replaces a

plosiv e, e.g. in k61mr069 : Zentner realised as / t s E n Q - n 6 /.

� P oten tially syllabic sonoran ts follo wing a v o w el or / l / are problematic,

e.g. einen (realised as monosyllabic / Q aI n / or disyllabic / Q aI -
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n / ?) and r ol len (monosyllabic / r O l n / or disyllabic / r O _ l n /

?). Eac h decision w as based on m y auditory impression, e.g. monosyl-

labic / r O l n / in k62be087 and disyllabic / r O _ l n / in k61be087

(the disyllabic impression seems to b e due to the slo w er sp eec h rate of

sp eak er k61 ).

F0 V alues

The acoustic parameters to predict are duration and F0. The duration of

eac h phoneme can b e computed using the lab elled phoneme b oundaries. F0

v alues w ere estimated with ESPS's get_f0 algorithm (T alkin, 1995), whic h

uses the normalised cross correlation function and dynamic programming. As

frame step, the default of 10ms w as c hosen; for the female sp eak er rtd/k62

the minim um F0 v alue w as set to 120Hz, the maxim um to 400Hz, whereas

for the male sp eak er kk o/k61 the minim um and maxim um w ere set to 50Hz

and 250Hz resp ectiv ely

10

.

Median F0 F or ev ery v o w el and sonoran t ( m , n , N , l ), the median of these

ra w F0 v alues w as calculated. The median w as c hosen instead of the mean,

b ecause it is more robust to outliers. Nev ertheless, there w ere still some

erroneous median F0 v alues, esp ecially within p ortions sp ok en with a creaky

v oice, b ecause of doubling or halving errors.

Last F0 Th us, w e ha v e one F0 v alue for ev ery v o w el and sonoran t. If there

is a pitc h accen t on the last syllable of a proso dic phrase, and this syllable

only con tains one v o w el or sonoran t, one F0 v alue is not su�cien t to capture

a v alley accen t follo w ed b y a rising in tonation con tour. Therefore, for ev ery

proso dic phrase a �nal F0 v alue w as stored b y computing the median of the

last three F0 v alues of the last v o w el or sonoran t of that proso dic phrase. If

get_f0 cannot estimate an y F0 v alue, median and last F0 are set to 0.

10

Informal insp ection rev ealed that these v alues w ere adequate for those t w o v oices.
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2.3.3. F urther P ossibilities and Limitations

Other features that could b e added to an annotated sp eec h corpus include

w ord predictabilit y , discourse features, GT oBI lab els, in tensit y and sp ectral

tilt.

P an & Hirsc h b erg (2000) sho w ed that w ord predictabilit y , measured in

terms of bigram w ord predictabilit y log(Prob(wi jwi � 1)) , is a useful predic-

tor of pitc h accen t placemen t for nouns. In order to compute this measure

w e need a suitable textual corpus. Aiming for a rather neutral proso dy of

sen tences that can o ccur in an y con text, w e w ould ha v e to use a v ery big

textual corpus � otherwise the measures w ould b e v ery domain-sp eci�c. This

is in line with using the frequency n um b ers from CELEX, whic h w ere calcu-

lated from the 6 mio. tok en Mannheim Corpus rather than directly from the

K CoRS. Since bigram w ord predictabilit y can b e helpful mostly for limited

domain syn thesis, I decided not to add this feature to the K CoRS.

Discourse features lik e the giv enness of a referring expression ha v e an

in�uence on the pitc h accen t and phrasing (cf. W olters & Mixdor�, 2000),

but since the K CoRS consists mostly of isolated sen tences and not of com-

plete texts (except for the t w o short stories), this kind of information cannot

b e added. F or information structural features, a corpus of read newspap er

texts suc h as the one built in the MULI pro ject (Baumann et al., 2004) and

the �IMS German Radio News Corpus� (Rapp, 1998) should b e in v estigated

instead.

MAR Y uses GT oBI lab els for the sym b olic proso dy prediction. GT oBI

lab elling w as not carried out for the t w o selected sp eak ers of the K CoRS

mainly b ecause of t w o reasons:

1. Ev en though Braunsc h w eiler (2003) describ ed an approac h to predict

GT oBI lab els automatically from the F0 curv e and in tensit y measures,

these automatically predicted lab els still ha v e to b e corrected man ually ,

whic h is v ery time-consuming.

2. The proso dy prediction describ ed in Chapter 3 consists of sym b olic
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proso dy prediction and prediction of acoustic parameters. Since the

only mo dule of MAR Y needed for this approac h is the MBR OLA syn-

thesis, GT oBI lab els are not necessary as in termediate sym b olic repre-

sen tation. The PR OLAB lab els can b e used instead.

In tensit y and sp ectral tilt of realised phonemes in�uence the p erception

of rh ythm, but since they cannot b e mo delled b y MBR OLA, those measure-

men ts w ere not included as features to predict.

61

3. Proso dy Prediction with CART

As describ ed in Section 1.3, in this thesis proso dy prediction is de�ned as

con taining all prediction tasks that con tribute to the prediction of the realised

phoneme, its duration, and its F0 v alues. The follo wing separate prediction

tasks are describ ed in the subsequen t sections:

� pause prediction

� sym b olic proso dy prediction:

? proso dic b oundaries

? accen tuation lev el

? accen ts: lo cation and t yp e

? phrase-�nal in tonation con tours

� prediction of p ostlexical phonological pro cesses:

? t yp e of c hange: none, deletion, replacemen t

? in case of replacemen t: replacemen t rule

� prediction of acoustic parameters:

? duration

? median F0

? last F0.

One ma jor goal of this thesis is to sho w that the output of a text-

to-sp eec h system can b e signi�can tly impro v ed b y training all mo dels that

con tribute to proso dy prediction on the same database. As describ ed in

Section 1.3, man y di�eren t mac hine learning algorithms ha v e b een applied

for the di�eren t prediction tasks. It w as not m y aim to �nd the b est feature
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set, the b est algorithm, and the b est mo del for eac h prediction task. Instead

I applied the same mac hine learning algorithm (CAR T; Breiman et al., 1984)

to train classi�cation and regression trees for all prediction tasks.

Because of reasons related to the implemen tation of the mac hine learning

soft w are to ols (see Section 1.2.2), all classi�cation trees w ere trained with

W ek a (v ersion 3.4.2; Witten & F rank, 2000), whereas all regression trees

w ere trained with w agon (v ersion 1.2.3, King et al., 2003). All classi�cation

trees w ere ev aluated with strati�ed 10-fold cross-v alidation. Since w agon

do es not o�er strati�ed cross-v alidation, the p erformance of the regression

trees w as estimated on a randomly selected separate test set.

Automatic feature selection (greedy forw ard selection wrapp er) w as only

p erformed for w ord-lev el and syllable-lev el prediction tasks (i.e. sym b olic

proso dy prediction). The phonemic datasets w ere to o large to mak e auto-

matic feature selection computationally feasible in a reasonable amoun t of

time (see Section 1.2.3).

Datasets 20 sen tences from the K CoRS w ere randomly selected for the

p erceptual ev aluation (see T able 4.1 in Section 4.1.2). These 20 sen tences

w ere not included for training, v alidation and corpus-based testing of the

classi�cation and regression trees. Apart from these 20 sen tences, the com-

plete K CoRS and all added features (as describ ed in Section 2.3) are used as

database to pro duce the input datasets for W ek a and w agon.

3.1. P ause Prediction

As men tioned in Section 2.2.4, only v ery few pauses o ccur within a sen tence

(or rather: b et w een t w o w ords), so that information ab out their duration

is a v ailable only for 62 and 52 pauses resp ectiv ely for kk o/k61 and rtd/k62

in the training data. Because of the extreme data sparsit y , it is imp ossible

to mo del pause duration with a regression tree. Therefore, t w o v ery simple

rules based on a trial-and-error pro cedure with MAR Y w ere applied instead:
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1. P ause lo cation: A w ord is follo w ed b y a pause, only if it is follo w ed b y

a punctuation mark.

2. P ause duration: If the w ord is follo w ed b y a comma or a dash, the

pause duration is 100ms, if it is follo w ed b y another punctuation mark,

the pause duration is 300ms.

Of course, this is not a v ery satisfying solution, but for a successful training

w e w ould need a database that consists of complete texts.

3.2. Symb olic Proso dy Prediction

3.2.1. Proso dic Bounda ry Prediction

The classi�cation task for proso dic b oundary prediction is to predict for eac h

w ord whether it is follo w ed b y a proso dic b oundary or not. Originally , it w as

planned to predict also the t yp e of the b oundary (reset vs. no reset), but since

the �no reset� b oundaries mak e up only 6% of all b oundaries in the K CoRS,

they pro v ed to b e imp ossible to predict with reasonable precision and recall.

So I decided to predict only the classes �b oundary� and �no b oundary�.

F eatures

F or eac h w ord the follo wing features w ere extracted from the database:

� w ord lev el features , for a windo w of 5 w ords (the resp ectiv e w ord

and 2 neigh b ouring w ords to the left and to the righ t):

? part-of-sp eec h: STTS and simpli�ed (simpli�cations as in Figure

2.7)

? w ord frequency (CELEX)

� punctuation features :

? preceding punctuation
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? follo wing punctuation: original and simpli�ed ( none, c omma,

other )

? absolute and relativ e p osition

1

: distance to preceding and follo w-

ing punctuation (in w ords), and relativ e p osition b et w een punc-

tuation marks

� sen tence features :

? sen tence length (in w ords)

? sen tence t yp e (as de�ned in Section 2.3.1)

? absolute and relativ e p osition of the w ord in sen tence

� SCHUG features :

? for a windo w of 3 SCHUG phrases (the resp ectiv e phrase and

1 neigh b ouring phrase to the left and to the righ t): category ,

grammatical function (as in T able 2.6), and length (in w ords) of

topmost encompassing SCHUG phrase (depth=0)

? absolute and relativ e p osition of the w ord within the topmost

SCHUG phrase

� c h unk phrase features :

? for a windo w of 3 c h unk phrases (the resp ectiv e phrase and 1

neigh b ouring phrase to the left and to the righ t): category and

length (in w ords) of

� topmost phrase (depth=0)

� second-lev el phrase (depth=1)

? absolute and relativ e p osition of the w ord within the topmost and

second-lev el c h unk phrase.

1

Calculation of all relativ e p osition features:

relativ e p osition = 100 � absolute p osition / (length of the stretc h � 1), so that the

�rst and the last segmen t of a stretc h receiv e relativ e p osition v alues of 0% and 100%

resp ectiv ely .
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All features relating to part-of-sp eec h, SCHUG and c h unk phrases w ere au-

tomatically predicted (cf. discussion in Section 3.2.2). Whenev er a feature

w as missing (e.g. b ecause the �rst w ord of a sen tence do es not ha v e a left

neigh b our), it receiv ed the v alue � 100, whic h nev er o ccurred as regular v alue

of an y feature. Th us, it w as not missing for CAR T, but con tained usable in-

formation (e.g. ab out the p osition of a w ord).

F eature Selection and Classi�cation T rees

F or sp eak er kk o/k61, the automatic feature selection resulted in a feature set

consisting of only t w o features: r elative p osition b etwe en punctuation marks

and wor d fr e quency . F or sp eak er rtd/k62, the selected feature set w as ev en

more reduced and consisted only of the feature distanc e to the fol lowing

punctuation in wor ds . This illustrates that proso dic phrasing in read sp eec h

dep ends mostly on punctuation.

The t w o trained classi�cation trees are v ery simple (see W ek a output in

Figure 3.1 and 3.2), e.g. for sp eak er rtd/k62: Only if the w ord is follo w ed

b y a punctuation mark is it follo w ed b y a b oundary . The n um b ers giv en in

paren theses after eac h leaf of the classi�cation tree (�rst/second) indicate the

total n um b er of instances from the training set at the resp ectiv e leaf (�rst)

and the n um b er of incorrectly classi�ed instances at that leaf (second).

betweenpunctposition_r el <= 94: none (3967.0/174.0)

betweenpunctposition_r el > 94

| CELEXfreq <= 1940: boundary (743.0/14.0)

| CELEXfreq > 1940

| | CELEXfreq <= 2423: none (10.0/2.0)

| | CELEXfreq > 2423: boundary (30.0/2.0)

Figure 3.1.: Proso dic b oundary classi�cation tree for sp eak er kk o/k61.

distancefollowingpun ct <= 0: boundary (782.0/22.0)

distancefollowingpun ct > 0: none (3968.0/235.0)

Figure 3.2.: Proso dic b oundary classi�cation tree for sp eak er rtd/k62.
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Evaluation

Ev en though the trees are so simple, they ha v e a fairly high accuracy of

95.96% (kk o/k61) and 94.74% (rtd/k62), illustrating that proso dic phrase

b oundaries can b e predicted fairly easily for read sp eec h.

F-measure accuracy

b oundary no b oundary

kk o/k61 0.887 0.975 95.96%

rtd/k62 0.866 0.967 94.74%

T able 3.1.: 10-fold cross-v alidated p erformance measures for the proso dic

b oundary classi�cation trees.

3.2.2. A ccent and Intonation Contour Prediction

In the K CoRS, for eac h w ord its accen tuation lev el is annotated, ranging

from 0 to 3 . If the w ord carries t w o accen ts, the accen tuation lev el is sp eci�ed

separately for eac h accen t, assuming that the accen tuation lev el spreads to all

follo wing syllables in that w ord. Eac h accen t is lab elled in terms of lo cation,

t yp e, alignmen t and upstep (see Section 2.2.4).

Only 5.2% of kk o/k61's accen ts and 5.8% of rtd/k62's accen ts are up-

stepp ed. Preliminary tests sho w ed that upstep could not b e predicted from

the a v ailable features (the trained classi�cation trees w ere merely decision

stumps that predicted �no upstep�).

A ccen t t yp e and alignmen t w ere treated as one b y com bining them to

the follo wing six complex accen t t yp es: �at, early p eak, mid p eak, late p eak,

early v alley , and non-early v alley .

In the K CoRS, three t yp es of in tonation con tours are lab elled: phrase-

initial con tours, concatenation con tours, and phrase-�nal con tours (see Sec-

tion 2.2.4). Preliminary tests sho w ed that phrase-initial con tours dep end

v ery m uc h on the t yp e of accen t they precede and the length of the pre-head,

whereas concatenation con tours dep end on the t yp es of the accen ts they con-
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catenate. In order not to in tro duce to o man y extra errors in the sym b olic

proso dy prediction, I decided not to train an y mo dels for phrase-initial and

concatenation con tours. In con trast, the last in tonation con tour of a proso dic

phrase can b e mo delled without kno wing the t yp e of its preceding accen t.

Therefore, accen t and in tonation con tour prediction consists of four sep-

arate tasks:

� for eac h syllable: prediction of the accen tuation lev el

� for eac h syllable: prediction whether it carries an accen t or not (i.e. ac-

cen t lo cation)

� for eac h syllable carrying an accen t: complex accen t t yp e

� for eac h syllable carrying the last accen t of the proso dic phrase: phrase-

�nal in tonation con tour.

All trained classi�cation trees are far to o big to b e presen ted on pap er

(e.g. the classi�cation tree for the accen tuation lev el prediction of rtd/k62

has 1025 lea v es), but they can b e do wnloaded from m y thesis w eb page

2

.

F eatures

F or eac h canonic syllable, the same features as for proso dic b oundary predic-

tion w ere used (see Section 3.2.1). In addition, the follo wing features w ere

extracted from the database:

� syllable lev el features :

? lexical stress

? syllable length (in canonic phonemes)

� p ositional features :

? absolute and relativ e p osition of the syllable in the w ord

? absolute and relativ e p osition of the syllable in the sen tence

2

http://www.brinckmann.de/Ka RS/
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? distance preceding and follo wing proso dic b oundary (in w ords and

syllables)

? distance preceding and follo wing pause (in w ords and syllables)

? relativ e p osition in proso dic phrase (in w ords and syllables)

? relativ e p osition in in ter-pause stretc h (in w ords and syllables)

� sen tence feature : sen tence length (in syllables).

All features relating to pauses and proso dic phrase b oundaries are predicted

b y the resp ectiv e pause and proso dic b oundary mo dels.

F eature Selection

Greedy forw ard feature selection w as carried out for all four prediction tasks,

separately for eac h sp eak er. T able 3.2 sho ws whic h features w ere selected

automatically for the resp ectiv e prediction task using only automatically

predicted features ( � ) vs. using man ually corrected features (

p

) (cf. Sec-

tion 1.4 for a general discussion ab out the use of automatically predicted

vs. man ually corrected features). As a general tendency concerning the use

of syn tactic phrase features, the prediction tasks with man ually corrected

features used a greater n um b er of SCHUG features, whereas the prediction

tasks with automatically predicted features used more c h unk phrase features.

F or example, for the prediction of accen tuation lev el, the grammatical func-

tion of a phrase w as used only if it w as man ually corrected. This seems to

supp ort the statemen t in Section 2.3.1, namely that SCHUG needs further

impro v emen t b efore it can b e successfully in tegrated in to MAR Y.

In order to determine whether it is imp ortan t to use features that are as

correct as p ossible, the accuracy v alues of trained classi�cation trees using

only automatically predicted features vs. using man ually corrected features

w ere compared in a preliminary exp erimen t. As sho wn in T able 3.3, in nearly

all cases the classi�cation trees trained with man ually corrected features ha v e

a higher accuracy (determined b y 10-fold cross-v alidation). F or the predic-

tion of accen tuation lev el and accen t lo cation the di�erences in accuracy are
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prediction task

accen tuation accen t accen t �nal

feature t yp e lev el lo cation t yp e con tour

part of sp eec h

p
�

p
�

p

neigh b our POS �

w ord frequency

p
�

p
�

neigh b our w ord freq.

p
�

p
�

p

follo wing punctuation

p
�

p p
�

p
�

sen tence length

p
� �

p

sen tence t yp e

p
�

p p
�

SCHUG category

p p p

neigh b our SCHUG cat. �
p

SCHUG grammatical function

p

neigh b our SCHUG gram.funct.

p
�

SCHUG phrase length

p p

neigh b our SCHUG length

p

c h unk phrase cat. �

neigh b our c h unk phrase cat. � �
p

�
p

�

c h unk phrase length �
p

neigh b our c h unk phrase length �

lexical stress

p
�

syllable length � �

p osition in sen tence � �
p

p osition b et w een punctuation �
p osition in in ter-pause stretc h � �

p
� �

p osition in proso dic phrase

p
�

p
�

p p
�

p osition in SCHUG phrase

p p
�

p osition in c h unk phrase

p
�

p osition in w ord

p
�

p
�

T able 3.2.: Automatically selected feature t yp es for the prediction of accen-

tuation lev el, accen t lo cation, accen t t yp e, and phrase-�nal in-

tonation con tour. The features mark ed with

p

are used for the

prediction with man ually corrected features. The features mark ed

with � are used for the prediction with automatically predicted

features.

only minor. Ho w ev er, it could b e argued that an impro v emen t of the pre-

existing to ols (T nT, SCHUG, and c h unk tagger) and an impro v emen t in the
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prediction of pauses and proso dic b oundaries w ould ha v e a p ositiv e e�ect on

the accuracy of the prediction of accen t t yp es and phrase-�nal in tonation

con tours. Nonetheless, for the training of the classi�cation trees describ ed in

the follo wing sections only automatically predicted features w ere used.

prediction task

accen tuation lev el accen t lo cation accen t t yp e �nal con tour

kk o/k61 � 0:2 0:2 1:4 0:7

rtd/k62 0:4 0:3 1:6 1:5

T able 3.3.: Di�erences in accuracy (in p ercen tage p oin ts) b et w een prediction

tasks using man ually corrected features vs. only automatically

predicted features. A negativ e v alue means that the accuracy is

higher if automatically predicted features are used.

A ccentuation Level

Classi�cation T rees The ro ot no de of b oth classi�cation trees predicting

accen tuation lev el partitions the data according to w ord frequency ( � 549

vs. > 549), follo w ed b y no des concerning part of sp eec h. This illustrates

the fact that accen tuation lev el is mainly determined b y frequency factors:

The more frequen t a w ord, the lo w er its probabilit y of con taining accen ted

syllables. The classi�cation tree for kk o/k61 ends with a leaf that assigns

accen tuation lev el 0 (unaccen ted) to all syllables in w ords with a frequency

higher than 1253.

Evaluation 10-fold cross-v alidation led to accuracy v alues of 90.3%

(kk o/k61) and 86.6% (rtd/k62). Detailed confusion matrices are sho wn in

T able 3.4. W e can assign a cost matrix, so that the cost of a classi�cation

error is computed b y the distance b et w een the actual accen tuation lev el and

the predicted one. This re�ects the amoun t of damage done b y a wrong

classi�cation. F or example, if the actual accen tuation lev el is 1 (partially

accen ted), but the mo del predicts 3, the cost is 2. The a v erage cost is 0.142
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for kk o/k61 and 0.187 for rtd/k62. W e can conclude that accen tuation is

easier to mo del for kk o/k61 than for rtd/k62.

kk o/k61 rtd/k62

actual classi�ed as

accen tuation 0 1 2 3 0 1 2 3

0 2718 70 168 3 2690 87 183 7

1 122 248 129 2 118 368 171 3

2 158 55 4071 6 182 107 3598 50

3 8 1 37 34 13 6 121 129

T able 3.4.: Confusion matrices for accen tuation lev el prediction.

A ccent Lo cation

Classi�cation T rees The ro ot no de in b oth classi�cation trees for accen t

lo cation prediction partitions the data according to lexical stress, so that

only syllables with primary stress receiv e an accen t. Closely follo wing no des

concern part-of-sp eec h, w ord frequency (only kk o/k61), and relativ e p osition

of the syllable within the w ord. F or example, in rtd/k62's classi�cation tree,

most syllables with a relativ e p osition smaller than 80% within the w ord

carry an accen t, the others do not. This captures the fact that most function

w ords are monosyllabic, the only syllable receiving a p osition of 100%. Finer

distinctions are made b y part-of-sp eec h no des further do wn the tree.

Evaluation Again, the classi�cation tree for kk o/k61 (accuracy 93.6%) p er-

forms sligh tly b etter than the tree for rtd/k62 (accuracy 92.1%, see T able

3.5).

A ccent T yp e

Classi�cation T rees The higher no des in b oth classi�cation trees predict-

ing accen t t yp e partition the data according to follo wing punctuation and

distance to the follo wing pause. This illustrates that accen t t yp e dep ends

largely on p ositional features. F urther do wn the tree, rtd/k62 relies mostly
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F-measure accuracy

accen t no accen t

kk o/k61 0.893 0.954 93.6%

rtd/k62 0.873 0.943 92.1%

T able 3.5.: 10-fold cross-v alidated p erformance measures for the accen t lo ca-

tion classi�cation trees.

on the feature �w ord frequency of the left neigh b our�, whereas kk o/k61's tree

uses the feature �part-of-sp eec h of the righ t neigh b our�.

Evaluation A ccuracy �gures for the classi�cation trees predicting accen t

t yp e are rather lo w (kk o/k61: 54.3%, rtd/k62: 58.1%), re�ecting the di�-

cult y of the task: six di�eren t accen t t yp es are to b e predicted. Ho w ev er, for

this prediction task the classi�cation tree for rtd/k62 p erforms b etter than

the tree for kk o/k61.

F-measures are extremely lo w for ��at� ( < 0:06), �early v alley� ( < 0:1),

and (only for kk o/k61) �non-early v alley� ( 0:09). As sho wn in T able 3.6, the

most common misclassi�cation for �at accen ts and v alleys are mid p eaks and

late p eaks. If an early v alley is misclassi�ed as late p eak, this error could

b e regarded as not so sev ere, e.g. an inexp erienced h uman lab eller could also

mak e this mistak e. P eaks are mostly misclassi�ed as other p eaks.

kk o/k61 rtd/k62

actual classi�ed as

accen t t yp e � ep mp lp ev nev � ep mp lp ev nev

�at 2 5 52 28 0 0 3 7 32 47 1 2

early p eak 1 276 85 11 2 1 2 301 30 44 1 1

mid p eak 4 122 488 250 10 7 4 75 345 343 7 18

late p eak 5 6 241 506 10 8 6 1 165 687 4 2

early v alley 0 2 62 58 8 13 2 1 46 80 8 9

non-early v alley 1 2 44 39 13 6 2 2 26 37 3 44

T able 3.6.: Confusion matrices for the prediction of accen t t yp es (� = �at, ep

= early p eak, mp = mid p eak, lp = late p eak, ev = early v alley ,

nev = non-early v alley).
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Phrase-Final Intonation Contour

After man ual insp ection of the data, the phrase-�nal in tonation con tour

classes w ere simpli�ed b y forming the follo wing groups:

� lo wrise: lo w rise, lev el-lo w rise, mid fall-lo w rise, and terminal fall-lo w

rise

� highrise: high rise, lev el-high rise, mid fall-high rise, and terminal fall-

high rise

� lev el: lev el and lev el-minimal rise

� midfall: mid fall and mid fall-minimal rise

� termfall: terminal fall and terminal fall-minimal rise.

Classi�cation T rees The main features used in the classi�cation tree for

sp eak er kk o/k61 are distance to the follo wing proso dic b oundary and sim-

pli�ed part-of-sp eec h of the second righ t neigh b our. This suggests that for

sp eak er kk o/k61 the p osition of the last accen ted syllable in the proso dic

phrase is the most imp ortan t factor to determine the phrase-�nal in tonation

con tour.

F or sp eak er rtd/k62 the main features are distance to the follo wing

pause, sen tence t yp e, and simpli�ed follo wing punctuation. The b eginning of

the classi�cation tree sho wn in Figure 3.3 rev eals that sp eak er rtd/k62 uses

mostly terminal falls in statemen ts, exclamations, and alternativ e questions,

lo w rises in wh-questions and p olite questions, and high rises in y es-no ques-

tions, declarativ e questions and negativ e questions. Therefore, it is w orth-

while to distinguish b et w een di�eren t question t yp es, whic h is in line with

the �ndings rep orted b y Brinc kmann & Benzm üller (1999).

Evaluation Ov erall accuracy of b oth trees is 81.5% (kk o/k61) and 74.1%

(rtd/k62). Ho w ev er, the F-measures for rtd/k62 are all ab o v e 0:5, except for

mid fall, whereas for kk o/k61 the F-measures of high rise, lev el, and mid fall



74 3. Proso dy Prediction with CAR T

distancefollowingpause _wo rds _au to <= 1

| sentencetype = st: termfall (471.0/6.0)

| sentencetype = ex: termfall (24.0/1.0)

| sentencetype = wh: lowrise (46.0/22.0)

| sentencetype = yn: highrise (30.0/10.0)

| sentencetype = dq: highrise (4.0)

| sentencetype = neg: highrise (5.0/1.0)

| sentencetype = alt: termfall (2.0)

| sentencetype = pol: lowrise (12.0/6.0)

distancefollowingpause _wo rds _au to > 1

| followingpunct_simple _wo rd = comma

[...]

Figure 3.3.: Beginning of rtd/k62's classi�cation tree for predicting phrase-

�nal in tonation con tour classes.

are all b elo w 0:2. As can b e seen in the confusion matrix for sp eak er kk o/k61

in T able 3.7, the recall of highrise is 0 (i.e the classi�cation tree nev er predicts

a high rise) � most high rises are ev en misclassi�ed as terminal falls.

kk o/k61 rtd/k62

actual classi�ed as

accen tuation lr hr lev mf tf lr hr lev mf tf

lo wrise 175 0 8 4 14 104 13 41 7 19

highrise 4 0 0 0 28 18 27 1 0 2

lev el 52 0 6 0 5 49 0 75 5 10

midfall 22 0 1 3 1 21 0 15 8 7

termfall 33 0 1 0 576 32 1 15 2 525

T able 3.7.: Confusion matrices for the prediction of phrase-�nal in tonation

con tours.

3.3. Segmental Predictions

On the segmen tal (phonemic) lev el, w e predict the features that are needed

to generate input for MBR OLA, namely

� realised phoneme (i.e prediction of p ostlexical phonological pro cesses)
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� duration

� median F0

� last F0.

3.3.1. F eatures

F or the prediction of the segmen tal features, t w o di�eren t feature sets are

used. The �rst one, called Symb olic , con tains features relating to proso dic

b oundaries, accen ts, and phrase-�nal in tonation con tours. The second one,

called Dir e ct , do es not con tain an y of those sym b olic proso dy features. As

sho wn in Figure 4.1 (Section 4.1.2), the Direct prediction metho d lea v es

out the sym b olic proso dy prediction completely . This w a y , it loses some

information, but it also reduces error accum ulation. The t w o feature sets

for Sym b olic and Direct prediction are describ ed in the follo wing sections.

No automatic feature selection w as p erformed, b ecause the datasets w ere to o

large, making automatic feature selection unfeasible in a reasonable amoun t

of time.

Symb olic F eature Set

F or eac h phoneme, the same features as for syllable-lev el sym b olic proso dy

prediction (see Section 3.2.2) are used, except for SCHUG and c h unk

phrase features. In addition, the follo wing features w ere extracted from the

database:

� phoneme lev el features , for a windo w of 5 phonemes (the resp ectiv e

phoneme and 2 neigh b ouring phonemes to the left and to the righ t):

? phoneme iden tit y

? phoneme t yp e (v o w el, consonan t)

? consonan t fortis/lenis (unde�ned, fortis, lenis)

? structural p osition in syllable (onset, n ucleus, co da, am bisyllabic)
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? n um b er of phonemes in the same syllable structure p osition (not

for neigh b ouring phonemes)

� syllable lev el features :

? accen tuation lev el

? accen t lo cation (none, accen t)

? distance to preceding and follo wing accen ted syllable

� accen t group lev el features :

? accen t t yp e

? accen t t yp e of follo wing accen t group

? phrase-�nal in tonation con tour (�none� for non-phrase-�nal accen t

groups).

An accen t group w as de�ned as a group of syllables consisting of one

accen ted syllable and all follo wing syllables up to, but not including, the

next accen ted syllable. Syllables in pre-heads w ere de�ned as b elonging to

the follo wing accen t group.

The Sym b olic feature set exists in t w o v arian ts: The �rst one is used

for the prediction of p ostlexical phonological pro cesses and uses features of

c anonic phonemes and syllables. The second one is used for the prediction

of duration, median F0, and last F0, and uses features of r e alise d phonemes

and syllables.

Direct F eature Set

F or eac h phoneme, the same features as for syllable-lev el sym b olic proso dy

prediction (see Section 3.2.2) are used, except for those features relating to

proso dic b oundaries. In addition, the follo wing features w ere extracted from

the database:

canonic phoneme lev el features , for a windo w of 5 canonic

phonemes (the resp ectiv e phoneme and 2 neigh b ouring phonemes to
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the left and to the righ t):

? phoneme iden tit y

? phoneme t yp e (v o w el, consonan t)

? consonan t fortis/lenis (unde�ned, fortis, lenis)

? structural p osition in syllable (onset, n ucleus, co da, am bisyllabic)

? n um b er of canonic phonemes in the same syllable structure p osi-

tion (not for neigh b ouring phonemes).

3.3.2. Prediction of P ostlexical Phonological

Pro cesses

Glottalisation cannot b e syn thesised b y the MBR OLA syn thesiser. There-

fore, whenev er a glottal stop w as deleted, but left glottalisation b ehind, this

deletion coun ted as replacemen t (mark ed with the glottalisation sym b ol /q/ ).

This w a y it w as p ossible to insert a glottal stop of 10ms during syn thesis to

mimic glottalisation (cf. Section 4.1.2).

The prediction of p ostlexical phonological pro cesses (i.e. prediction of

the realised phoneme) w as carried out in t w o steps.

1. Change : In the �rst step, it w as predicted whether the canonic

phoneme w as deleted, replaced, or left unc hanged.

2. R eplac ement : In the second step, for all replaced phonemes a replace-

men t rule w as predicted.

Only certain �replacemen t rules� are p ossible, a canonic phoneme cannot b e

replaced b y an y other phoneme. All [canonic ! realised] pairs that o ccur

in the K CoRS w ere allo w ed as replacemen t rules, e.g. the replacemen t of

/E:/ with /e:/ w as accepted as replacemen t rule [ E: ! e: ]. By predicting

these rules instead of the realised phonemes, the prediction of imp ossible

replacemen ts b ecause of data sparsit y w as prev en ted. F or example, sp eak er

kk o/k61 alw a ys lea v es a canonic /Y/ unc hanged. Therefore, CAR T had no
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information regarding replacemen ts rules for /Y/ (data sparsit y). As a result,

the trained classi�cation tree assigned the replacemen t rule [ Q ! q ], whic h is

the most frequen t replacemen t rule. Whenev er necessary , these �imp ossible�

replacemen ts w ere ignored during prediction.

The prev alen t features used in the trees predicting change and r eplac e-

ment are phoneme iden tit y , features of phoneme neigh b ours, syllable length,

structural p osition in the syllable, lexical stress, and accen tuation lev el (for

the Sym b olic metho d only). The accuracy �gures that are listed in T able

3.8 sho w that the Sym b olic prediction is not alw a ys b etter than the Direct

prediction.

change r eplac ement

Sym b olic Direct Sym b olic Direct

kk o/k61 94.6% 93.2% 92.3% 92.0%

rtd/k62 92.8% 92.9% 94.0% 94.8%

T able 3.8.: A ccuracy of the t w o tasks for the prediction of p ostlexical phono-

logical c hanges.

3.3.3. Prediction of A coustic P a rameters

W agon w as used to train the regression trees for the prediction of the acoustic

parameters duration, median F0, and last F0. Stop v alues and the size of

the held-out v alidation set w ere determined in a trial-and-error pro cedure b y

comparing the ev aluation measures RMSE and correlation co e�cien t (cc) on

a separate test set. When the b est settings had b een determined, the whole

dataset w as used for the training of the �nal regression trees.

Duration Prediction

z-sco res The only feature from the feature set that w as not used for du-

ration prediction is phoneme iden tit y . The reason b ehind this is that ev ery

phoneme has a certain in trinsic duration whic h has a strong in�uence on the
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duration of the phoneme, e.g. tense v o w els are longer than lax v o w els, and

fortis plosiv es are longer than lenis plosiv es. In order to factor out the in�u-

ence of in trinsic duration, the absolute duration v alues w ere con v erted in to

z-scores, and the mean duration and standard deviation of eac h phoneme

w ere stored in a separate �le. The z-scores that are predicted b y the regres-

sion trees can b e con v erted bac k in to absolute duration v alues b y applying

the follo wing form ula:

absolute duration = ( z-score � stddev) + mean duration

F or the Sym b olic prediction, the z-scores w ere computed on the realised

phonemes, for the Direct prediction they w ere computed on the canonic

phonemes.

Regression trees The Sym b olic regression trees for duration prediction

use the follo wing features near the ro ots of the trees: p ositional features

(p osition in proso dic phrase, neigh b ouring phonemes), accen t lo cation and

t yp e, lexical stress, syllable structure, and phoneme t yp e. The Direct regres-

sion trees also rely hea vily on p ositional features (neigh b ouring phonemes,

follo wing punctuation); in addition they use part-of-sp eec h, w ord frequency ,

syllable length and structure, as w ell as lexical stress and phoneme t yp e.

F0 Prediction

z-sco res The ra w F0 v alues w ere also transformed in to z-scores, but not b y

using separate mean and stddev v alues for eac h phoneme. Instead, for eac h

sp eak er the mean and stddev of the median F0 v alues w as calculated. By

predicting F0 v alues in terms of z-scores it is p ossible to use one regression

tree for sev eral v oices. F or Sym b olic prediction, last F0 is the last F0 b efore

a proso dic b oundary . Since the Direct prediction uses no features ab out

proso dic b oundaries, in this case last F0 is the last F0 b efore a pause.

Regression trees The Sym b olic regression trees for the prediction of me-

dian F0 use phrase-�nal in tonation con tour, p ositional features, accen t t yp e
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and lo cation, lexical stress, and syllable structure as topmost features. The

Direct regression trees for median F0 prediction rely hea vily on p ositional

features; in addition they use lexical stress, part-of-sp eec h, and w ord fre-

quency .

The regression trees for the prediction of last F0 are compact enough,

so that one of them is sho wn in Figure 3.4. It can b e read as follo ws: The

ro ot no de asks whether the w ord is follo w ed b y a question mark. If y es,

the next question is ab out the distance of the preceding pause in w ords. If

this distance is smaller than 8, the predicted z-score is 0.456 (the �rst v alue

giv en at eac h leaf denotes the stddev of all instances of the training set at

that leaf ). If the distance is at least 8, then the next question is whether

the sen tence t yp e is a wh-question. If y es, the predicted z-score is 0.495;

all other questions ha v e a last F0 z-score of 1.578 (i.e they end with a high

in tonation). W ords that are not follo w ed b y a question mark follo w the other

branc h of the ro ot no de. All predicted z-scores in this branc h are negativ e,

th us predicting a lo w F0 v alue.

Evaluation

Since w agon do es not o�er strati�ed cross-v alidation, the ev aluation w as car-

ried out b y dividing the dataset in to a training set (90%) and a test set

(10%). The ev aluation measures listed in T able 3.9 sho w the p erformance

of the regression trees on the test set. In terms of RMSE and cc, the Sym-

b olic prediction is alw a ys b etter than its resp ectiv e Direct coun terpart. In

the case of the Sym b olic prediction, the ev aluation on the test set uses the

correct sym b olic proso dy features from the database (proso dic b oundaries,

accen ts, phrase-�nal in tonation con tours). Therefore, it is quite p ossible

that the Sym b olic prediction p erforms w orse as so on as it is implemen ted in

a TTS system, where it is faced with incorrectly predicted sym b olic proso dy

features. Since the Direct metho d do es not rely on an y correct sym b olic

proso dy features (it uses only automatically predicted features), the ev alua-
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((followingpunct_word is quest)

((distanceprecedingpause _wor ds_a uto < 8)

((1.8746 0.456342))

((sentencetype is wh)

((1.4928 0.495193))

((1.42952 1.57833))))

((rightneighbour1_POS_au to is -100)

((lexicalstress is none)

((leftneighbour1_POS_auto is NN)

((syllpositioninword_abs < 2.3)

((0.207099 -1.83956))

((0.19063 -1.94317)))

((leftneighbour1_simplePO S_au to is pronoun)

((0.178767 -1.88098))

((toplevelSCHUGchunkcate gory _aut o is PP)

((0.160586 -2.01656))

((leftneighbour2_simplePOS_ auto is verb)

((0.166037 -2.00491))

((simplePOS_auto is verb)

((0.217362 -1.91042))

((distanceprecedingpunct_ inwo rds < 5.2)

((0.191442 -1.98462))

((0.177953 -1.93929))))))))

((distanceprecedingpause_w ords _aut o < 4)

((0.216729 -1.96712))

((syllablelengthinphoneme s < 5.6)

((leftneighbour1_simpleP OS_a uto is adj)

((0.171697 -1.92763))

((leftneighbour1_CELEXfreq < 2528.7)

((syllablelengthinphonemes < 3.2)

((0.641384 -1.75926))

((0.39531 -1.69561)))

((0.190776 -1.90698))))

((0.934826 -1.61646)))))

((0.576984 -1.48369))))

Figure 3.4.: Regression tree (w agon output format) predicting last F0 z-score

for sp eak er rtd/k62. A t branc hing no des the �y es�-branc h is giv en

�rst, follo w ed b y the �no�-branc h. The �rst v alue at a leaf denotes

the standard deviation, the second v alue is the mean (i.e. the pre-

dicted last F0 z-score). Negativ e z-scores denote F0 v alues b elo w

the sp eak er's mean, p ositiv e z-scores imply a high F0 v alue.

tion measures can b e seen as fairly accurate predictors of its p erformance in

a complete TTS system.
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There is also an in teresting di�erence b et w een the t w o sp eak ers: Du-

ration prediction is b etter for kk o/k61, whereas F0 prediction is b etter for

sp eak er rtd/k62.

prediction ev aluation kk o/k61 rtd/k62

task measure Sym b olic Direct Sym b olic Direct

duration

RMSE 0.773 0.791 0.8441 0.882

cc 0.612 0.594 0.572 0.528

median F0

RMSE 0.708 0.783 0.653 0.744

cc 0.698 0.609 0.762 0.677

last F0

RMSE 1.307 1.487 0.666 1.010

cc 0.543 0.350 0.895 0.712

T able 3.9.: Ev aluation of the prediction of duration and F0 z-scores with

regression trees trained on the Sym b olic and the Direct datasets.

The ev aluation measures are ro ot mean squared error (RMSE)

and correlation co e�cien t (cc).
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4. P erceptual Evaluation

In Chapter 3, the trained classi�cation and regression trees w ere ev aluated b y

comparing their predictions with the actual realisations in the K CoRS. The

corpus-based ev aluation measures RMSE and correlation co e�cien t allo w us

to compare di�eren t mac hine learning sc hemes or di�eren t datasets. F or

example, the F0 v alues of the female sp eak er rtd/k62 seem to b e easier to

predict than the F0 v alues of the male sp eak er kk o/k61 (see Section 3.3.3).

On the other hand, kk o/k61's mo dels for duration prediction are b etter than

the ones for rtd/k62.

Esp ecially for sp eec h syn thesis it is advisable to test the predictions of

a mo del not only b y comparing it to the realisations in a corpus, but also

b y measuring sub jectiv e listener preferences with p erception exp erimen ts, for

the follo wing reasons:

1. It is unkno wn whic h of the follo wing three is more/most imp ortan t: a

go o d F0 prediction, a go o d duration prediction, or a go o d prediction of

p ostlexical phonological pro cesses? And ev en if one syn thesis system

is sup erior to another one in all three resp ects, it is still p ossible that

this di�erence cannot b e p erceiv ed b y listeners.

2. The corpus-based ev aluation measures implicitly assume the realisa-

tions of one particular sp eak er as gold standard. Ho w ev er, usually

there are sev eral acceptable w a ys to pro duce an utterance. If the mo del

commits an error in the prediction compared to the corpus, this �error�

migh t b e just as acceptable as the corpus realisation.

3. Listeners ma y ha v e di�ering idiosyncratic preferences. F or example,

P ortele (1997) and Brinc kmann & T rouv ain (2003) sho w ed that one
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group of listeners prefers the text-to-sp eec h system to sp eak as �cor-

rectly� as p ossible, with no deviations from the canonic pron unciation,

while the other group prefers the inclusion of some common segmen tal

p ostlexical pro cesses, suc h as sc h w a-deletion and assimilation of nasals.

4. Some listeners migh t ev en prefer a mac hine to sound unnatural, b ecause

they feel uncomfortable if they cannot tell whether they are comm uni-

cating with a mac hine or with a h uman b eing.

In order to a v oid implemen ting �impro v emen ts� to the TTS system that are

not accepted b y the listeners, one should therefore conduct a p erception

exp erimen t.

The �rst p erceptual ev aluations of sp eec h syn thesis systems w ere in tel-

ligibilit y tests, e.g. b y using seman tically unpredictable sen tences (SUS test;

Benoît et al., 1996). This w as w orth while for the TTS systems at that time,

b ecause some w ere barely in telligible. No w ada ys nearly all systems are clearly

in telligible, so most p erception exp erimen ts fo cus on naturalness, acceptance,

or preference b y asking the sub jects to rate the syn thesised stim uli on some

scale or to compare t w o (or more) stim uli with eac h other.

Some exp erimen ts try to compare the systems more indirectly b y giving

the sub jects a task (e.g. to follo w the instructions pro duced b y a TTS system)

and measuring their reaction time or recording their gaze with an ey e-trac k er

(Swift et al., 2002). If the sub jects generally react faster when listening to

the stim uli generated b y one system, it is argued that this system is b etter

than the others, whic h is certainly true for the resp ectiv e task.

In m y p erception exp erimen t, I follo w ed the recommendations P .85 and

P .800 b y ITU-T

1

(In ternational T elecomm unication Union � T elecomm uni-

cation Standardization Sector; ITU-T, 1994, 1996). These recommendations

describ e pro cedures for the p erceptual ev aluation of sp eec h signals that ha v e

b een agreed up on b y the mem b ers of ITU-T (curren tly 359 institutions w orld-

wide). They ha v e b een tested thoroughly and can b e can b e view ed as a

1

http://www.itu.int/ITU-T/

4.1. Materials and Metho ds 85

standard, ev en though they are not used v ery often in the sp eec h syn thesis

comm unit y .

4.1. Materials and Metho ds

4.1.1. General Pro cedure

T w o of the metho ds describ ed b y the ITU-T recommendation P .800 (ITU-

T, 1996) are Absolute Category Rating (A CR) and Comparison Category

Rating (CCR). In the A CR pro cedure, the sub jects are ask ed to judge the

qualit y of eac h syn thesised stim ulus they hear using the follo wing �v e-p oin t

scale:

5 excellen t

4 go o d

3 fair

2 p o or

1 bad

The mean of all scores (MOS = mean opinion score) is then calculated for

eac h stim ulus t yp e.

A ccording to ITU-T (1996), the A CR metho d tends to lead to lo w sensi-

tivit y in distinguishing among go o d qualit y TTS systems. A mo di�ed v ersion

of the A CR pro cedure, the CCR pro cedure, a�ords higher sensitivit y . In the

CCR pro cedure, the stim uli are presen ted to listeners b y pairs (A-B) where

A is a cop y-syn thesised original and B is syn thesised b y the systems to b e

compared. Some �n ull pairs� (A-A) are included to c hec k the qualit y of an-

c horing. A ccording to recommendation P .800, samples A and B should b e

separated b y a pause of 500 to 1000ms duration. Since w e cannot assume

that A is alw a ys more acceptable than B, the order of the samples is c hosen

at random for eac h trial. On half of the trials, A is follo w ed b y B. On the re-

maining trials, the order is rev ersed. This w a y , it is also p ossible to examine

the ratings of eac h sub ject for consistency . The sub jects use the follo wing
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scale to judge the qualit y of the second sample relativ e to the qualit y of the

�rst sample:

3 m uc h b etter

2 b etter

1 sligh tly b etter

0 ab out the same

� 1 sligh tly w orse

� 2 w orse

� 3 m uc h w orse

In e�ect, the sub jects pro vide t w o judgemen ts with one resp onse: �Whic h

sample has b etter qualit y?� and �By ho w m uc h?�. Simple a v eraging of the

n umerical scores should yield a mean score of appro ximately 0 for all condi-

tions. It is necessary to reco de the ra w data: In those cases where the order

of presen tation is B-A, the sign of the n umerical score m ust b e rev ersed

(i.e. � 1 ! 1, 1 ! � 1). These reco ded scores are used to compute CMOS

(comparison mean opinion score). Th us, the results are presen ted in terms of

the A-B order. Appropriate analyses of v ariance (ANO V A) and a p osteriori

T uk ey HSD (Honestly Signi�can t Di�erence) m ultiple comparison tests can

b e p erformed on the reco ded scores. Because of the higher sensitivit y , I c hose

the CCR metho d for m y p erception exp erimen t. The sp eci�c set-up of the

exp erimen t (generation and presen tation of stim uli, rating pro cedure, and

group of sub jects) is describ ed in the follo wing sections.

4.1.2. Stimuli

The 20 sen tences listed in T able 4.1 w ere randomly selected from the K CoRS

as syn thesis sen tences for the p erception exp erimen t. They had not b een

used as training, v alidation or test items for the classi�cation and regression

trees describ ed in Chapter 3. The mean sen tence length (in canonic syllables)

is 14.5 (minim um: 5, maxim um: 34).

All 20 test sen tences w ere pro cessed b y MAR Y with no man ual mo d-
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be006 Mon tag w ar es uns zu regnerisc h.

be038 Die Ärzte sind damit gar nic h t ein v erstanden.

be074 V ater misc h t gleic h die Karten.

cn015 Der gesuc h te W eg ersc hein t auf dem Stadtplan in roten

Leuc h tpunkten, indem Sie auf die T aste mit dem en tsprec henden

Namen drüc k en.

e026 Gibt es eine Zugv erbindung heute ab end nac h F rankfurt, und

w enn ja, auf w elc hem Gleis fährt der Zug ab?

e040 Ic h mö c h te am dreiundzw anzigsten zw ölften nac h Olden burg

fahren, und zw ar mö c h te ic h in Olden burg früh sein, w enn möglic h

v or neun Uhr.

e042 Ja das ist zu früh.

ko029 Sie döst m üde v or sic h hin.

ko039 Das Kamel hat zw ei Hö c k er.

ko049 Die Bejah ung dieser F rage ist meine Bedingung für einen

Neuanfang.

mr007 W er w eiÿ dort genau Besc heid?

mr016 Iss dein Essen nie hastig!

mr018 Bist Du sehr k alt gew orden?

mr040 Sec hs Mädc hen w ollen Sc h w ester w erden.

mr088 Einige Busse fahren heute später.

s041 Ic h mö c h te in vierzehn T agen v on Münc hen üb er Hanno v er

nac h Ham burg fahren.

s072 W elc hen Zug m uÿ ic h nehmen, um gegen zehn Uhr in Würzburg

zu sein?

s1017 A c h tlos wirft der Knirps Matsc h durc hs Ec kfenster.

s1040 Nic h t alle Mensc hen v erkraften den Linksv erk ehr sofort.

tk010 Bei dieser Sac hlage m üssen wir die Hirsc hjagd aufsc hieb en und

uns kurz nac h neun Uhr zurüc kmelden.

T able 4.1.: List of the 20 test sen tences (with their resp ectiv e ID in the

K CoRS) for the p erception exp erimen t.

i�cations (the phonemic pron unciation w as examined for errors, but none

w ere detected). MAR Y o�ers three female and four male MBR OLA v oices.

F or the p erception exp erimen t, I c hose the t w o v oices that w ere recorded for

MAR Y's emotional syn thesis (Sc hrö der, 2004), named de6 (male v oice) and

de7 (female v oice). In addition to those v ersions pro duced b y the original
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MAR Y system, three other generation metho ds w ere applied to eac h sen tence

for eac h v oice: Cop y-syn thesised Originals, Direct Prediction, and Sym b olic

Prediction, whic h are all describ ed in the follo wing sections.

2

All stim uli w ere

stored as 16-bit, 22050 Hz w a v �les.

Cop y-synthesised Originals

In order to pro duce the cop y-syn thesised originals, the follo wing features w ere

extracted from the K CoRS and prin ted in the MBR OLA format (cf. Section

1.1.3):

� realised phoneme

� for eac h realised phoneme: duration in ms

� for eac h realised sonoran t and v o w el: median F0 in Hz, placed at du-

ration 50% in the phoneme

� for eac h last realised phoneme b efore a pause: last F0 in Hz.

Because of some MAR Y/MBR OLA c haracteristics, the extracted features

had to b e c hanged in the follo wing cases:

� MBR OLA cannot syn thesise glottalisation. So, whenev er a glottal stop

had b een deleted in the original realisation and the follo wing realised

phoneme w as glottalised, a glottal stop of 10ms w as inserted in order to

mimic glottalisation (or at least to mak e sure that some sort of juncture

w as audible).

� Neither of the c hosen MBR OLA v oices distinguishes b et w een plosiv e

closure and release (there is only one sym b ol for eac h plosiv e). There-

fore, all neigh b ouring plosiv e closures and releases w ere com bined in to

one phoneme. Also, if the plosiv e closure had b een deleted, but the

release w as still presen t, the sym b ol w as c hanged in to the MBR OLA

plosiv e sym b ol.

2

All stim uli are a v ailable as sound �les from http://www.brinckmann.de/ KaRS / .
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� In the K CoRS there are no phonemic lab els for a�ricates; closure and

release are lab elled separately . After listening to some trial stim uli, I

decided to com bine all neigh b ouring /t/ and /s/ to the a�ricate /ts/ .

� Since MBR OLA v oices do not o�er /6/ -diph thongs, these w ere divided

up in to the v o w el (receiving 2=3 of the diph thong's duration, and plac-

ing the median F0 v alue at 75% of the v o w el's duration) and /6/ .

Based on the assumption that w e are aiming for natural-sounding sp eec h

syn thesis, these cop y-syn thesised originals constitute the upp er limit of M-

BR OLA, i.e. one cannot get an y closer to natural read sp eec h with the

MBR OLA diphone syn thesis metho d. Phonetic v o w el reductions and nasal-

isation cannot b e captured at all, and glottalisation can only b e mimic k ed

v ery crudely . The plosiv e release cannot b e mo delled separately from the

plosiv e closure, ev en though the plosiv e releases are deleted m uc h more often

than the closures (cf. Section 3.3.2), esp ecially in consonan t clusters. As in-

formal insp ection rev ealed, plosiv e release deletion is sometimes successfully

captured b y the resp ectiv e diphone (esp ecially b y the diphones of the female

v oice de7 ).

Symb olic and Direct Prediction

Both Sym b olic and Direct prediction are metho ds that use the classi�cation

and regression trees that w ere trained on the K CoRS database (as describ ed

in Chapter 3). Both metho ds use only automatically deriv ed features as in-

put. As sho wn in Figure 4.1, the Sym b olic metho d predicts sym b olic proso dy

features (proso dic b oundaries, accen tuation lev el, accen ts, and in tonation

con tours) b efore predicting the MBR OLA input features realised phoneme

string, duration, F0 median, and last F0. The Direct metho d uses predicted

pauses as the only additional feature for the prediction of the MBR OLA

features. In order to generate prop er MBR OLA input, the predicted fea-

tures had to b e c hanged in the same w a y as the ones of the cop y-syn thesised

originals.
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automatically derived 
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word level

 


prediction of

prosodic boundaries
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 (location and duration)


word level
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 (only if followed by a boundary)
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 (no syllabic sonorants)
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  (only for vowels/sonorants)
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 (only if followed by a pause)


MBROLA input

"
Symbolic
"


MBROLA input

"
Direct
"


Figure 4.1.: Generation of MBR OLA input for �Sym b olic� and �Direct� stim-

uli.
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Stimulus P airs

F or ev ery sen tence, the cop y-syn thesised sample (A) w as paired with eac h of

the automatically predicted samples (B), namely MAR Y, Direct, and Sym-

b olic. A and B w ere separated b y a pause of 800ms. In order to b e able

to examine the consistency of the sub jects' ratings, b oth orders (A-B) and

(B-A) w ere included in the exp erimen t, resulting to a total of 120 ( 20� 3� 2)

stim ulus pairs.

In addition to these stim ulus pairs, the sen tence Heute ist schönes F rüh-

lingswetter. w as used to generate four pairs for the training section at the

b eginning of the exp erimen t.

F our iden tical (A-A) and (B-B) pairs, where b oth samples w ere exactly

the same, w ere also included. These iden tical pairs w ere used to examine

whether the sub jects w ere listening carefully .

All stim ulus pairs w ere generated with the male v oice de6 and with

the female v oice de7 . Since eac h stim ulus pair had a mean duration of

7s, the exp erimen t w ould ha v e b een longer than 30 min utes if eac h sub ject

had to rate b oth v oices. I regard 30 min utes as the maxim um length for a

p erception exp erimen t where the sub jects ha v e to listen carefully and remain

v ery fo cussed on the task. Therefore, t w o separate exp erimen ts w ere set up:

one with the female v oice and one with the male v oice.

4.1.3. Presentation

Before starting the p erception exp erimen t, the sub jects w ere ask ed to �ll in

a questionnaire whic h ask ed for information regarding their age, sex, and

the region of German y they grew up in (dialectal bac kground), as w ell as

professional bac kground and prior exp erience with sp eec h syn thesis (c ho osing

�none�, �little�, �regular user�, or �exp ert�). After the exp erimen t, the sub jects

w ere ask ed for an y commen ts.

The p erception exp erimen t itself w as conducted with SCAPE (System

for Computer-Aided P erception Exp erimen ts; Grab o wski & Bauer, 2004),
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a small, �exible program written in Ja v a. The instructions for the sub jects

(see T able C.1 in App endix C) w ere presen ted on screen, and the stim uli w ere

presen ted via headphones. The sub jects w ere instructed to listen carefully to

b oth samples of eac h pair and to rate the o v erall qualit y of the second sample

compared to the �rst one using the sev en-p oin t CCR scale b y clic king on the

resp ectiv e radio button (see Figure 4.2). The sub jects could listen to eac h

stim ulus pair only once, and as so on as the radio button w as clic k ed, the

next stim ulus pair w as presen ted. After rating the four training pairs, the

sub jects w ere prompted to ask an y questions regarding the pro cedure of the

exp erimen t. After the training pairs and the prompt, all stim uli (including

the iden tical pairs) w ere presen ted in a randomised order (with a di�eren t

order for ev ery sub ject).

Figure 4.2.: Screenshot of p erception exp erimen t with SCAPE.

SCAPE stores the follo wing information for eac h presen ted stim ulus

pair:

� sub ject ID

� presen tation n um b er of the stim ulus pair

� �lename of the stim ulus pair
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� duration of the stim ulus pair

� reaction time, measured from the b eginning of the stim ulus pair

� rating.

4.1.4. Subjects

32 sub jects to ok part in the p erception exp erimen t. All are nativ e German

sp eak ers, 26 of them b eing studen ts or sta� mem b ers of the Departmen t of

General Linguistics. Both syn thesis v oices w ere rated b y an equal n um b er of

female and male listeners.

The ratings of eac h sub ject w ere screened for reaction time and consis-

tency . A reaction time that is smaller than the duration of the stim ulus pair

means that the sub ject ga v e his or her rating b efore hearing the complete

stim ulus pair. Since ev ery stim ulus pair w as presen ted t wice in the exp eri-

men t (A-B vs. B-A), the p ercen tage of stim uli pairs that w ere rated similarly

(b oth negativ e, b oth p ositiv e, or b oth 0) w as tak en as consistency measure.

T w o sub jects (neither had an y prior exp erience with sp eec h syn thesis)

had giv en more than 10 of their ratings b efore completely hearing the stim ulus

pair. Their consistency scores w ere also rather lo w (33.3% and 40%). I

concluded that those t w o sub jects had b een unable to cop e with the task

and excluded their ratings from further analysis. Since these consistency

analyses w ere conducted directly after eac h sub ject had completed the task,

w e w ere able to reassign the follo wing sub jects to new groups, ensuring that

b oth syn thesis v oices w ere rated b y an equal n um b er of female and male

listeners. The remaining 30 sub jects w ere aged b et w een 20 and 40 y ears

(mean: 28 y ears).

The dialectal bac kground of the sub jects migh t ha v e an in�uence on

their preference of certain in tonational patterns and segmen tal p ostlexical

pro cesses (e.g. concerning the replacemen t of /E:/ b y /e:/ ). Since the statis-

tical mo dels w ere trained on t w o sp eak ers from Sc hleswig Holstein (Northern

German y), the sub jects w ere group ed in to �northern� (gro wn up in Sc hleswig-
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Holstein, Ham burg, or Lo w er Saxon y) and �other� (gro wn up in an y other

federal state).

Eac h sub ject is c haracterised b y the follo wing four features (n um b er of

sub jects with that feature in paren theses):

� sex: male (14) vs. female (16)

� prior exp erience with sp eec h syn thesis: none or little exp erience (16)

vs. regular user or exp ert (14)

� dialectal bac kground: northern (8) vs. other (22)

� syn thesis v oice the sub ject had to rate: male (15) vs. female (15).

The distribution of all pairwise feature com binations among the sub jects

is listed in T able 4.2. A c hi-square test rev ealed that unfortunately the

features diale ctal b ackgr ound and prior exp erienc e are not indep enden tly

distributed among the sub jects ( � 2 = 4:045, p < 0:05). Only one of the

sub jects who grew up in Northern German y is a regular user or exp ert, the

other 7 ha v e no or little exp erience with sp eec h syn thesis. In con trast, 59%

of the sub jects who grew up in another part of German y are regular users or

exp erts.

sex exp erience syn thesis v oice

male female none/little reg/exp male female

bac kgr.

northern 3 5 7 1 4 4

other 11 11 9 13 11 11

sex

male 6 8 7 7

female 10 6 8 8

exp er.ce

none/little 9 7

reg/exp 6 8

T able 4.2.: Absolute frequencies of pairwise feature com binations among the

sub jects of the p erception exp erimen t (reg/exp = regular user or

exp ert of sp eec h syn thesis).
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4.2. Results and Discussion

The signi�can t di�erences and in teractions describ ed in the follo wing sections

w ere found b y p erforming univ ariate analyses of v ariance (ANO V A) and p ost-

ho c T uk ey-HSD m ultiple comparisons with the statistical soft w are SPSS 10.

Correlations and their signi�cance w ere analysed using P earson correlation.

4.2.1. Subjects' Comments

The commen ts of the sub jects are not only helpful for impro ving the pro ce-

dure of the exp erimen t, they also shed ligh t on the reasons b ehind some of

the ratings:

Scale One sub ject (with little exp erience) commen ted that the sev en-p oin t

scale w as to o �ne-grained for him, he w ould ha v e preferred a three-

p oin t scale (b etter vs. equal vs. w orse). On the other hand, another

sub ject (exp ert) commen ted that she w as v ery happ y with the sev en-

p oin t scale, whic h allo w ed her to mak e �ne distinctions.

P auses Some sub jects found the pause b et w een the t w o samples to o short.

One of these sub jects found it rather stressful that the next stim u-

lus w as pla y ed automatically after he had placed his rating. Another

sub ject found it hard to sta y concen trated throughout the whole ex-

p erimen t and w ould ha v e preferred an explicit pause after a blo c k of 60

stim uli. Esp ecially for naiv e sub jects one should consider in tro ducing

longer pauses or allo wing rep eated pla ybac k.

Randomisation One sub ject complained that despite randomisation, some-

times the same sen tence w as rep eated sev eral times. Another sub ject

ev en susp ected that the order of stim uli dep ended on his ratings. If

p ossible, the �randomisation� should b e con trolled, so that t w o neigh-

b ouring stim uli pairs alw a ys consist of di�eren t sen tences.
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Sentence length One sub ject (with little exp erience) commen ted that it

w as m uc h easier for him to mak e a decision if the sen tences w ere longer.

This is in line with the generally lo w er scores for longer sen tences (see

Section 4.2.3) and the correlation b et w een absolute scores and consis-

tency (see Section 4.2.2): If a sub ject is unsure ab out his rating, he

tends to giv e a rating that is close to 0.

Reaction time T w o sub jects confessed that they had placed their rating

b efore listening to the end of the second sample whenev er the samples

di�ered so greatly that they had a v ery strong preference.

Sentence choice One sub ject complained that sen tence mr018 ( Bist Du

sehr kalt gewor den? ) w as ungrammatical for her (she w ould ha v e pre-

ferred Ist Dir sehr kalt gewor den? ).

MBROLA One female sub ject complained that the fundamen tal frequency

of the male v oice w as sometimes to o high, whereas one male sub ject

found the lo w F0 of the female v oice to o lo w. This illustrates the

limitations of MBR OLA (and idiosyncratic preferences).

Dialectal p references Sev eral sub jects with a Southern German dialectal

bac kground (raised in Saarland, Hessen, or Baden-Württem b erg) com-

plained that the female cop y-syn thesised sample of sen tence e042 ( Ja

das ist zu früh. ) sounded p erfectly natural, but v ery arrogan t. Most of

them said they had v oted for the less natural sample, whic h sounded

more friendly to them. In fact, as can b e seen in Figure 4.9, the Direct

and Sym b olic samples of e042 receiv ed ev en a p ositiv e CMOS (i.e. b et-

ter than the cop y-syn thesised original). This illustrates the fact that a

natural-sounding syn thesis is not alw a ys the most accepted one.
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4.2.2. Consistency

The mean p ercen tage of similar ratings across all sub jects is 61.1%, sho wing

the di�cult y of the task. One sub ject ac hiev ed only 31.7% similar ratings,

whereas the most �consisten t� sub ject had 85.0% similar ratings. 79.2% of all

iden tical pairs w ere recognised (i.e. they w ere rated with 0), but only 46.7%

of the sub jects recognised all four iden tical pairs. The p ercen tage of similar

ratings of a sub ject and his or her recognition rate of iden tical pairs do not

correlate signi�can tly (correlation co e�cien t: 0:233).

Consistency (1=similar rating, 0=di�eren t rating) and absolute COS

ha v e a signi�can t correlation co e�cien t of 0:335 [ p � 0:01] o v er all stim-

uli, i.e. the more extreme the rating, the more consisten t (see Figure 4.3).

F or example, if an item is rated with � 3, it is v ery lik ely that the second

presen tation of the item is rated with a negativ e score as w ell.
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Figure 4.3.: Correlation b et w een absolute COS and consistency of ratings.

An ANO V A rev ealed that the mean consistency (prop ortion of similar

ratings across all (A-B)/(B-A) pairs) is signi�can tly higher for MAR Y (0.75)

than for Direct (0.54) and Sym b olic (0.55) [ p � 0:005]. This illustrates

that MAR Y receiv es more extreme ratings and also suggest that sub jects are

rather unsure ab out their ratings of Direct and Sym b olic.
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4.2.3. Compa rison Mean Opinion Sco re (CMOS)

Main E�ects and Interactions

The mean o v erall CMOS (o v er b oth v oices and all three syn thesis metho ds) is

� 1:04. The follo wing signi�can t CMOS di�erences w ere found (b y ANO V A

and T uk ey HSD):

� syn thesis metho d : Sym b olic ( � 0:76) � Direct ( � 0:80) > MAR Y

( � 1:55) [ p < 0:001]

� syn thesis v oice : female v oice ( � 0:93) > male v oice ( � 1:15) [ p <

0:001]

� prior exp erience with sp eec h syn thesis :

none/little ( � 0:98) > regular/exp ert ( � 1:11) [ p < 0:01]

� sex of listener : male listener ( � 0:96) > female listener ( � 1:11) [ p �

0:001]

� dialectal bac kground : northern ( � 0:85) > other ( � 1:11) [ p <

0:001]

Regarding CMOS, signi�can t in teractions w ere found for:

� syn thesis v oice and metho d [ p < 0:001]

� syn thesis v oice, exp erience, and sex of listener (three-w a y in teraction)

[ p < 0:001].

All main e�ects and in teractions are describ ed in detail in the follo wing sec-

tions.

Synthesis Metho d Ov er all sub jects and b oth syn thesis v oices, MAR Y

receiv es signi�can tly lo w er ratings than b oth Sym b olic and Direct (whic h do

not di�er signi�can tly). As sho wn in Figure 4.4, 24.6% of all MAR Y stim uli

receiv e a COS (comparison opinion score) of � 3, in con trast to only 9.3%

Direct and 8.1% Sym b olic stim uli. 15.4% of all MAR Y stim uli ha v e a COS
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of 0 or b etter, whereas 38.9% Direct and 39.4% Sym b olic stim uli are rated

ha ving a similar or b etter qualit y than the cop y-syn thesised original.
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Figure 4.4.: COS cum ulativ e distributions o v er b oth syn thesis v oices for the

three syn thesis metho ds MAR Y, Direct, and Sym b olic. COS = 0

means that the stim ulus w as rated ha ving the same o v erall qual-

it y as the cop y-syn thesised original, stim uli with a p ositiv e COS

w ere rated ha ving a b etter qualit y than the cop y-syn thesised

original.

Synthesis V oice If the t w o syn thesis v oices are analysed separately , the

same signi�can t di�erence is observ ed for eac h v oice: MAR Y receiv es sig-

ni�can tly lo w er ratings than b oth Sym b olic and Direct (whic h do not di�er

signi�can tly). In addition, there is an in teresting in teraction b et w een syn the-

sis v oice and metho d. As sho wn in Figure 4.5, b oth syn thesis v oices receiv e

the same lo w CMOS for MAR Y ( � 1:55). F or the Direct syn thesis metho d,

the male v oice gets a lo w er CMOS ( � 0:88) than the female v oice ( � 0:72),

but this di�erence is not signi�can t. F or the Sym b olic metho d, the CMOS

of the male v oice is signi�can tly lo w er ( � 1:00) than the CMOS of the female

v oice ( 0:53) [ p � 0:005]. The additional la y er of sym b olic proso dy prediction

seems to b e sligh tly helpful only for the female v oice.
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Figure 4.5.: In teraction b et w een syn thesis metho d and syn thesis v oice.

Prio r exp erience with sp eech synthesis Sub jects with regular/exp ert

exp erience generally giv e lo w er ratings than sub jects with no or little prior

exp erience. This can b e explained b y the fact that through their prior exp e-

rience with sp eec h syn thesis, regular/exp erts ha v e a clear preference of what

a TTS system should sound lik e, and they are able to hear �ner di�erences.

There is also an in teresting in teraction b et w een syn thesis metho d and prior

exp erience [ p < 0:05]: As sho wn in Figure 4.6, the CMOS of regular users

and exp erts is esp ecially lo w for MAR Y ( � 1:71) � more exp erienced TTS

users exp ect the syn thesis to sound more natural.

Sex of listener Lo oking at the CMOS of male and female listeners, w e

�nd that male listeners giv e signi�can tly higher ratings ( � 0:96) than female

listeners ( � 1:11) (this is true for all syn thesis metho ds). Ho w ev er, there is a

signi�can t in teraction b et w een syn thesis v oice, exp erience, and sex of listener.

As can b e seen in Figure 4.7, the lo w est ratings are giv en b y �naiv e� female

listeners (with no or little exp erience with sp eec h syn thesis) listening to the

male v oice. Naiv e female listeners and all male listeners prefer the female

v oice, whereas exp ert female listeners prefer the male v oice. But since there

are only t w o exp ert female listeners who listened to the male v oice, these
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Figure 4.6.: In teraction b et w een exp erience of the listener and syn thesis

metho d.

group results ha v e to b e treated with caution. In order to decide whether

these in teractions really re�ect di�erences b et w een groups, or whether they

simply sho w idiosyncrasies of the sub jects who just happ en to b elong to those

groups, w e need more sub jects p er group.

Dialectal background Sub jects with a Northern German bac kground giv e

signi�can tly higher ratings than sub jects with a non-northern bac kground.

As men tioned in Section 4.1.4, the features diale ctal b ackgr ound and prior

exp erienc e are not indep enden tly distributed among the sub jects. Therefore,

w e need further analyses to determine the cause of the higher CMOS of the

Northern German sub jects: Is it higher b ecause they prefer the c haracteris-

tics of their home dialect in a syn thetic v oice, or is it higher b ecause they

are more �naiv e� sub jects, who generally giv e higher ratings? If the dialectal

bac kground of a sub ject has an in�uence on the ratings, this e�ect should

only o ccur for those stim uli that w ere not generated with original MAR Y,

b ecause MAR Y w as not trained on an y corpus and pro duces Standard Ger-

man output without an y reductions. Figure 4.8 sho ws that this is not the

case: the sub jects with a Northern German bac kground generally giv e more
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Figure 4.7.: In teractions b et w een syn thesis v oice, exp erience, and sex of lis-

tener. �Naiv e� listeners are those with no or little exp erience with

sp eec h syn thesis. �Exp ert� listeners are regular users or exp erts

of sp eec h syn thesis.

p ositiv e ratings, no matter whic h syn thesis metho d they are listening to.

Therefore, the cause of the higher CMOS m ust b e their inexp erience with

sp eec h syn thesis.

Single Sentences

A p ossible argumen t against using mac hine learning (ML) metho ds for

proso dy prediction is that ev en though the o v erall qualit y of ML-based syn-

thesis systems is b etter than the qualit y of rule-based systems, ML-based

systems sho w a greater v ariance, i.e. some sen tences of ML-based systems

sound excellen t, whereas others sound v ery bad. It could b e argued that

rule-based systems migh t sound w orse, but b ecause they do so consisten tly ,

the user is not surprised b y an y sudden qualit y c hanges, leading to a higher

acceptance.
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Figure 4.8.: In�uence of the sub jects' dialectal bac kground on CMOS.

Sentence Length A cross all stim uli, COS correlates negativ ely with sen-

tence length, i.e. the longer the sen tence, the lo w er the rating (correlation

co e�cien t � 0:149, p � 0:01), suggesting that listeners need longer sen tences

to mak e consisten t decisions (cf. Section 4.2.1). The absolute v alue of the

correlation co e�cien t is signi�can tly lo w er for MAR Y ( � 0:098) than for Di-

rect ( � 0:174) and Sym b olic ( � 0:191). This could b e explained b y the fact

that the K CoRS consists mostly of short sen tences, so that b oth ML-based

metho ds p erform w orse for longer sen tences than for shorter ones, whereas

MAR Y uses the same set of rules for ev ery sen tence.

V a riance Figures 4.9 and 4.10 sho w the CMOS of eac h sen tence separately

for the female and the male v oice. F or the female v oice, the v ariance of CMOS

is lo w est for MAR Y (MAR Y: 1:48, Direct: 1:81, Sym b olic: 1:60). Nonethe-

less, the Sym b olic metho d always receiv es higher ratings than MAR Y, sug-

gesting that the Sym b olic metho d should b e the c hosen for the female v oice.

F or the male v oice, the ratings of MAR Y ev en ha v e the highest v ariance

of all three metho ds (MAR Y: 1:81, Direct: 1:74, Sym b olic: 1:68). Compared

to the Direct syn thesis metho d, MAR Y is only b etter for sen tence cn015 , so

that I w ould recommend using the Direct metho d for the male v oice.
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Figure 4.9.: CMOS for eac h sen tence (female v oice).

4.3. Conclusions

The p erceptual ev aluation sho w ed that all three syn thesis metho ds mostly

receiv e negativ e scores. Ev en though there are some exceptions, one can

generally assume the cop y-syn thesised originals as gold standard. It also

sho w ed that b oth ML-based metho ds (Sym b olic and Direct) are sup erior to

the original rule-based MAR Y metho d.

Comparing the t w o ML-based metho ds, I conclude that the sym b olic

lev el of proso dy prediction can b e safely skipp ed without obtaining a signif-

ican tly lo w er CMOS. On the other hand, the inclusion of sym b olic proso dy

prediction is not detrimen tal either. Therefore, the decision whether or not

to include the sym b olic lev el can b e based en tirely on the purp ose of the

syn thesis system. If it is an instructional or researc h to ol (suc h as MAR Y),

one should include the sym b olic prediction lev el, if it is just a �blac k b o x�

for the user, one can use the Direct prediction metho d. If only one of the

v oices used in the presen t study w as to b e c hosen, it should b e the female

v oice de7 , whic h generally receiv ed higher ratings.

As a general rule, the more exp erienced a TTS user, the higher his
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Figure 4.10.: CMOS for eac h sen tence (male v oice).

exp ectations regarding naturalness. If w e aim for a wider usage of sp eec h

syn thesis, it is necessary to impro v e it.

Finally , for a small follo w-up study , the follo wing pro cedure could b e car-

ried out to �nd out whether corpus-based and p erceptual ev aluation measures

correlate: By comparing the syn thesised stim uli with the original realisations,

for eac h stim ulus w e could measure

� RMSE and correlation co e�cien t of duration v alues

� RMSE and correlation co e�cien t of median F0 v alues

� accuracy of predicted segmen tal c hanges.

These corpus-based ev aluation measures could then b e directly compared

with the p erceptual ratings. The results migh t also shed ligh t on the question

whic h of the three parameters � duration, F0, or p ostlexical phonological

pro cesses � is most imp ortan t.
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Conclusion and Outlo ok

The p erceptual ev aluation sho ws that the output of a text-to-sp eec h sys-

tem can b e signi�can tly impro v ed b y training all mo dels that con tribute to

proso dy prediction on the same database, namely the `Kiel Corpus of Read

Sp eec h', whic h w as enric hed with additional features. More imp ortan tly , it

sho ws that the error in tro duced b y sym b olic proso dy prediction p erceptually

equals the amoun t of error pro duced b y the direct metho d that do es not

exploit an y sym b olic proso dy features.

More time and e�ort could b e sp en t in tro ducing other features and try-

ing out di�eren t mac hine learning and feature selection metho ds. Ho w ev er,

I doubt whether the resulting mo dels w ould lead to a p erceptually impro v ed

output. I think that the limitations of the K CoRS and MBR OLA ha v e b een

reac hed with the presen ted approac h.

One ma jor dra wbac k of the K CoRS is its textual material consisting

almost en tirely of isolated sen tences. In order to mo del proso dic prop erties

of longer texts, w e need a corpus of read newspap er texts or radio news. The

a v ailable sp eec h corp ora in that domain (IMS German Radio News Corpus,

S1000P , MULI; cf. Section 2.3.3) are not completely lab elled with segmen tal

and proso dic information. Therefore, a p ossible approac h w ould b e to extend

the annotations of these corp ora.

Instead of using the MBR OLA diphone syn thesiser, an ev en more

promising approac h is to try a di�eren t syn thesis metho d, namely non-

uniform unit selection, whic h generally pro duces more natural sounding out-

put. The sp eec h material in the K CoRS, whic h is not more than half an

hour of sp eec h p er sp eak er, is not su�cien t for a reliable non-uniform unit

selection sp eec h syn thesiser (cf. Brinc kmann, 1997). T o m y kno wledge, there
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exists no publicly a v ailable German database with t w o or more hours of

lab elled sp eec h p er sp eak er so far. Therefore, it w ould b e w orth while pro-

ducing suc h a large lab elled sp eec h corpus. With this corpus of read sp eec h,

one could also include breathing pauses o ccurring in read sp eec h, making the

generated output sound more natural.

Breathing is not the only �noise� in natural sp eec h. Campb ell (2004)

rep orted that in a large database of daily con v ersational sp eec h (the `Ex-

pressiv e Sp eec h Pro cessing' corpus) grun ts and other noises are remark ably

frequen t. Instead of clear emotional states (suc h as happiness, sadness, anger,

and fear), a great v ariet y of di�eren t sp eaking st yles is presen t, whic h express

attitudes and in terp ersonal relationships.

I think that the c hallenge for the next y ears is to mo v e on w ard from

�reading mac hines� to truly con v ersational sp eec h syn thesis, whic h could b e

used in a dialogue system or as an aid for v o cally disabled p ersons. As

Campb ell (2004) argues v ery con vincingly , in order to ac hiev e this long-term

goal, w e will ha v e to mo v e a w a y from text-based syn thesis b y using a large

database of naturally o ccurring con v ersational sp eec h, whic h remains to b e

built for German.
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A. PROLAB

In T able A.1, T able A.2, and T able A.3 all PR OLAB lab els used in the

K CoRS are listed and describ ed. A dditionally , the absolute frequency of

eac h lab el is giv en for the complete K CoRS, sp eak er kk o/k61, and sp eak er

rtd/k62.

A.1. A ccent and alignment lab els

absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

accen tuation lev el: unaccen ted

#&0 unaccen ted 15775 2484 2455

#&%0 uncertain accen tuation

lev el

106 4 7

accen tuation lev el: partially accen ted

#&1- �at 390 51 65

$&1- �at within a w ord 2 0 0

#&%1- �at, uncertain accen tua-

tion lev el

6 0 2

#&1� mid p eak 780 164 180

$&1� mid p eak within a w ord 6 2 0

#&|1� mid p eak with upstep 6 1 0

#&%1� mid p eak, uncertain ac-

cen tuation lev el

8 0 2

con tin ued on next page
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absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

#&1�% mid p eak, uncertain align-

men t

5 0 0

#&1) early p eak 167 23 15

$&1) early p eak within a w ord 3 0 1

#&%1) early p eak, uncertain ac-

cen tuation lev el

6 0 0

#&1)% early p eak, uncertain

alignmen t

1 0 0

#&1( late p eak 411 36 73

$&1( late p eak within a w ord 7 1 1

#&|1( late p eak with upstep 4 0 2

#&%1( late p eak, uncertain ac-

cen tuation lev el

7 2 0

#&1(% late p eak, uncertain align-

men t

8 0 0

#&1] early v alley 78 11 7

$&1] early v alley within a w ord 1 0 0

#&%1] early v alley , uncertain ac-

cen tuation lev el

1 0 0

#&1]% early v alley , uncertain

alignmen t

1 0 0

#&1[ non-early v alley 129 5 36

$&1[ non-early v alley within a

w ord

2 0 0

#&1[% non-early v alley , uncertain

alignmen t

4 1 1

$&1[% non-early v alley within a

w ord, uncertain alignmen t

1 0 0

accen tuation lev el: accen ted

#&2- �at 253 37 26

#&|2- �at with upstep 3 0 0

#&%2- �at, uncertain accen tua-

tion lev el

4 1 0

#&2-% uncertain �at 1 0 0

con tin ued on next page
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absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

#&2� mid p eak 3539 623 453

$&2� mid p eak within a w ord 6 0 0

#&|2� mid p eak with upstep 373 75 67

#&%2� mid p eak, uncertain ac-

cen tuation lev el

18 1 3

#&%|2� mid p eak with uncertain

upstep

1 0 1

#&|%2� mid p eak with upstep, un-

certain accen tuation lev el

1 0 0

#&2�% mid p eak, uncertain align-

men t

65 11 8

#&|2�% mid p eak with upstep, un-

certain alignmen t

2 1 0

#&2) early p eak 2503 357 357

$&2) early p eak within a w ord 2 1 1

#&|2) early p eak with upstep 25 1 7

#&%2) early p eak, uncertain ac-

cen tuation lev el

1 0 0

#&2)% early p eak, uncertain

alignmen t

44 6 9

#&2( late p eak 4294 709 724

$&2( late p eak within a w ord 9 3 2

#&|2( late p eak with upstep 302 45 63

#&%2( late p eak, uncertain ac-

cen tuation lev el

10 1 2

#&2(% late p eak, uncertain align-

men t

30 3 7

#&|2(% late p eak with upstep, un-

certain alignmen t

2 1 0

#&2] early v alley 857 133 141

$&2] early v alley within a w ord 4 1 1

#&|2] early v alley with upstep 9 1 0

#&%2] early v alley , uncertain ac-

cen tuation lev el

3 0 2

#&2]% early v alley , uncertain

alignmen t

16 2 2

con tin ued on next page
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absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

#&|2]% early v alley with upstep,

uncertain alignmen t

1 0 0

#&2[ non-early v alley 606 98 79

$&2[ non-early v alley within a

w ord

4 2 1

#&|2[ non-early v alley with up-

step

12 2 1

#&%2[ non-early v alley , uncertain

accen tuation lev el

3 2 0

#&2[% non-early v alley , uncertain

alignmen t

8 1 0

accen tuation lev el: reinforced

#&3� mid p eak 369 32 105

$&3� mid p eak within a w ord 1 0 1

#&|3� mid p eak with upstep 5 1 2

#&3�% mid p eak, uncertain align-

men t

2 0 0

#&3) early p eak 11 0 4

#&3( late p eak 107 6 20

#&|3( late p eak with upstep 1 0 0

#&3(% late p eak, uncertain align-

men t

3 0 2

#&3] early v alley 3 0 1

#&3[ non-early v alley 3 0 1

T able A.1.: PR OLAB pitc h accen t and alignmen t lab els used in the K CoRS

with the absolute frequency of o ccurrence for the complete

K CoRS, and the sp eak ers kk o/k61 and rtd/k62.

A.2. In tonation con tour lab els 113

A.2. Intonation contour lab els

absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

concatenation and phrase-�nal con tours

#&, lo w rise 1428 217 222

$&, lo w rise within a w ord 1 1 0

#&? high rise 257 34 42

#&0. lev el 3810 567 678

$&0. lev el within a w ord 7 1 2

#&%0. uncertain lev el 5 0 1

#&0; lev el - minimal rise 1 0 0

#&0., lev el - lo w rise 1 0 1

#&0.? lev el - high rise 2 0 2

#&1. mid fall 5218 874 824

$&1. mid fall within a w ord 30 5 5

#&%1. uncertain mid fall 8 0 0

#&1; mid fall - minimal rise 20 0 4

#&1., mid fall - lo w rise 54 8 5

#&1.? mid fall - high rise 1 0 0

#&2. terminal fall 4335 748 654

$&2. terminal fall within a w ord 8 3 1

#&%2. uncertain terminal fall 13 0 0

#&2; terminal fall - minimal rise 284 0 20

#&2., terminal fall - lo w rise 50 4 22

#&2.? terminal fall - high rise 6 0 6

phrase-initial con tours

#&HP2 high-falling pre-head 26 3 1

#&HP1 high-lev el pre-head 466 36 49

#&HP2% uncertain high-falling pre-

head

2 1 0

#&HP1% uncertain high-lev el pre-

head

1 0 0

con tin ued on next page
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absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

#&HP1� upstepp ed high-lev el pre-

head

1 1 0

T able A.2.: PR OLAB in tonation con tour lab els used in the K CoRS with the

absolute frequency of o ccurrence for the complete K CoRS, and

the sp eak ers kk o/k61 and rtd/k62.

A.3. Proso dic phrase b ounda ries, register,

and sp eech rate lab els

absolute frequencies

PR OLAB description K CoRS kk o/k61 rtd/k62

proso dic phrase b oundaries

#&PGn with reset 6038 908 954

#&=PGn without reset 423 56 62

#&%PGn uncertain b oundary with

reset

20 1 7

#&%=PGn uncertain b oundary with-

out reset

5 0 0

register

#&HR high register 28 2 0

#&LR lo w register 21 2 0

sp eec h rate

#&RP increased sp eec h rate 1 0 0

#&RM decreased sp eec h rate 1 0 0

T able A.3.: PR OLAB proso dic phrase b oundary , register and sp eec h rate la-

b els used in the K CoRS with the absolute frequency of o ccurrence

for the complete K CoRS, and the sp eak ers kk o/k61 and rtd/k62.
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B. Syntactic F eatures

B.1. STTS pa rt-of-sp eech tagset

In T able B.1 all part-of-sp eec h tags of the Stuttgart-Tübingen T ag Set

(STTS) are describ ed. A dditionally , the absolute frequency of eac h tag (i.e.

n um b er of w ords with that tag) in the K CoRS is giv en.

POS freq description example

ADJA 176 attributiv e adjectiv e sc hönes [F rühlingsw et-

ter], [den] elften

[Dezem b er]

ADJD 144 predicativ e or adv erbial

adjectiv e

[es w ar] regnerisc h,

länger [sc hlafen]

AD V 409 adv erb gestern, jetzt

APPR 490 prep osition or left part

of circump osition

in, durc h, auf

APPRAR T 75 prep osition with article im, am, zum

APPO 0 p ostp osition [ihm] zufolge

APZR 5 righ t part of circump o-

sition

[v on dort] aus

AR T 451 article den, einen

CARD 97 cardinal n um b er zehn, siebzehn

FM 0 material of a foreign

language

a big �sh

ITJ 5 in terjection na ja, na

KOKOM 5 comparativ e conjunc-

tion

wie, als

con tin ued on next page



116 B. Syn tactic F eatures

con tin ued from previous page

POS freq description example

KON 108 co ordinating conjunc-

tion

und, o der, ab er

KOUI 4 sub ordinating conjunc-

tion with zu and in�ni-

tiv e

ohne [sic h zu sc hämen],

um [no c h et w as zu er-

halten]

KOUS 36 sub ordinating conjunc-

tion with a sen tence

NE 288 prop er noun Berlin, Erna

NN 1019 common noun Kuc hen, Hunger, V ater

PD A T 28 attributiv e demonstra-

tiv e pronoun

diese [Drängelei]

PDS 15 substituting demonstra-

tiv e pronoun

das [paÿt]

PIA T 16 attributiv e inde�nite

pronoun that cannnot

b e preceded b y a

determiner

k eine [Sc heu], mehrere

[T age]

PID A T 32 attributiv e inde�nite

pronoun that can b e

preceded or follo w ed b y

a determiner

[v on] b eiden [Zügen]

PIS 29 substituting inde�nite

pronoun

man, k einer

PPER 322 irre�exiv e p ersonal pro-

noun

ic h, es, ihr

PPOSA T 47 attributiv e p ossessiv e

pronoun

seine [zw eite Chinareise]

PPOSS 0 substituting p ossessiv e

pronoun

meins, deiner

PRELA T 0 attributiv e relativ e pro-

noun

[der Mann,] dessen

[Hund]

PRELS 16 substituting relativ e

pronoun

[ein W anderer,] der [in

einen w armen Man tel

geh üllt w ar]

con tin ued on next page

B.1. STTS part-of-sp eec h tagset 117

con tin ued from previous page

POS freq description example

PRF 25 re�exiv e p ersonal pro-

noun

[Du b ewirbst] dic h

PR O A V 10 pronominal adv erb danac h, trotzdem, de-

shalb, demgemäÿ

PTKA 11 particle with adjectiv e

or adv erb

am [sc hnellsten], zu

[regnerisc h]

PTKANT 19 answ er particle ja, nein, dank e

PTKNEG 33 negation particle nic h t

PTKVZ 50 separated v erbal parti-

cle

[auf w elc hem Gleis

fahren die Züge] ab

PTKZU 5 zu b efore an in�nitiv e [ohne sic h] zu [sc hämen]

PW A T 18 attributiv e in terroga-

tiv e pronoun

w elc he [Züge]

PW A V 47 adv erbial in terrogativ e

or relativ e pronoun

w ann, wie, w o, w ob ei

PWS 11 substituting in terroga-

tiv e pronoun

w er, w as

TR UNC 0 �rst (separated) part of

comp osition

An- [und Abreise]

V AFIN 130 �nite auxiliary ist, hab e, hätte

VMFIN 152 �nite mo dal [dann] k ann [ic h], [wir]

w ollen

VVFIN 380 �nite con ten t v erb [alle] eilen, [Zug] endet

[hier]

V AIMP 1 auxiliary imp erativ e sei [gew arn t]

VVIMP 24 con ten t v erb imp erativ e ac h te [auf die Autos]

V AINF 18 auxiliary in�nitiv e sein, hab en, w erden

VMINF 1 mo dal in�nitiv e [man hatte lesen] k ön-

nen

VVINF 146 con ten t v erb in�nitiv e [Mutter k onn te länger]

sc hlafen

V APP 4 auxiliary past participle gew orden

VMPP 0 mo dal past participle [er hat es] gek onn t

VVPP 27 con ten t v erb past par-

ticiple

[wurde] erö�net, [hat]

angetreten

con tin ued on next page
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con tin ued from previous page

POS freq description example

VVIZU 3 con ten t v erb in�nitiv e

with incorp orated zu

anzustellen,

abzunehmen

XY 0 non-w ord, con taining

sp ecial c haracters

D2XW3

$, 174 comma ,

$. 633 sen tence �nal punctua-

tion mark

. ? ! :

$( 8 other punctuation mark - �

T able B.1.: STTS part-of-sp eec h tagset with the absolute frequency (i.e.

n um b er of tok ens) of eac h part-of-sp eec h tag in the K CoRS

B.2. Syntactic Chunk Phrases

absolute frequency

category d =0 d =1 d =2 d =3 d =4 �

AP 127 9 4 � � 140

A dvP 308 36 10 � � 354

NP 992 109 26 2 1 1130

PP 374 139 39 2 3 557

SUBORD_CLA USE 49 18 2 1 � 70

V G 809 51 19 2 1 882

W 135 48 8 � � 191

� 2794 410 98 7 5 3324

T able B.2.: F requency of SCHUG categories in the textual material of the

K CoRS. d giv es the lev el of em b edding, i.e. a syn tactic phrase

(or w ord) with d =0 is a top-lev el phrase, whic h is not em b edded

in an y other phrase.

B.2. Syn tactic Ch unk Phrases 119

absolute frequency

category description d =0 d =1 d =2 d =3 �

AA sup erlativ e phrase with am 3 � � � 3

AP adjectiv e phrase 27 12 1 2 42

A VP adv erbial phrase 23 5 3 � 31

CA C co ordinated adp ositions � � � � �

CAP co ordinated adjectiv e phrase 2 6 1 1 10

CA VP co ordinated adv erbial phrase 2 2 � � 4

CCP co ordinated complemen tiser � � � � �

CNP co ordinated noun phrase 14 15 2 1 32

CO co ordinated di�eren t categories 2 � � � 2

CPP co ordinated adp ositional phrase 1 � � � 1

CVP co ordinated v erb phrase 1 � � � 1

CVZ co ordinated zu -in�nitiv e � � � � �

ISU idiosyncratic unit � � � � �

MPN m ulti-w ord prop er noun 3 � � � 3

MT A m ulti-tok en adjectiv e � � � � �

NM m ulti-tok en n um b er 1 � � 1 2

NP noun phrase 517 41 10 � 568

PP adp ositional phrase 441 105 20 2 568

QL quasi-language � � � � �

VZ zu -mark ed in�nitiv e 5 � � � 5

� 1041 186 37 7 1271

T able B.3.: F requency of phrasal c h unk tags assigned with the c h unk tagger

to the textual material of the K CoRS. d giv es the lev el of em-

b edding, i.e. a phrase with d =0 is a top-lev el phrase, whic h is

not em b edded in an y other phrase.
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C. P erception Exp eriment

The instructions for the sub jects of the p erception exp erimen t w ere presen ted

on screen and read as follo ws:

Du nimmst an einem Exp erimen t zur sub jektiv en Bew ertung v on

Sprac hsyn thesemetho den teil.

In diesem Exp erimen t wirst Du paarw eise V arian ten v on

Äuÿerungen hören, die mit v ersc hiedenen Sprac hsyn thesemetho den

erzeugt wurden.

Du hörst jew eils eine V arian te, gefolgt v on einer kurzen P ause und einer

zw eiten V arian te. Bitte höre Dir b eide V arian ten sorgfältig an und

b eurteile die zw eite V arian te im V ergleic h zur ersten V arian te

mit Hilfe der folgenden Sk ala:

Die zw eite V arian te ist, v erglic hen mit der ersten V arian te,

viel b esser

b esser

et w as b esser

ungefähr gleic h

et w as sc hlec h ter

sc hlec h ter

viel sc hlec h ter.

Bei der Bew ertung geh t es um Deinen p ersönlic hen Gesam teindruc k .

Wir w erden mit 4 Übungsb eispielen b eginnen, damit Du Dic h an die

T estprozedur gew öhnen und die Lautstärk e so einstellen k annst, wie sie

Dir angenehm ist. Nac h den Übungsb eispielen k annst Du eine P ause

einlegen, um F ragen zum Ablauf des Exp erimen ts zu stellen, falls Du

irgendw elc he Probleme hast.

Das Exp erimen t dauert ungefähr 30 Min uten.

Vielen Dank für Deine T eilnahme! :�)

T able C.1.: Instructions for the sub jects of the p erception exp erimen t.
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