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Abstract

In thispapertwo approachefor datadrivenpredictionof accent
labels—perceptua@ccentandpitchaccents—omvordlevel for
speechsynthesisare presented.In the first approacha causal
and retro-causaNN modelis usedto determineBayesiana
posterioriprobabilitiesfor the occurrencef acertainaccenta-
bel. Thesegorobabilitiesarecalculatedusingcontect windows of
part-of-speecfPOS)tagsandcontet windows of phrasebreak
labels. In the secondapproactthe probabilitiesdeterminedoy
the NN are usedas emissionprobabilitiesfor the statesof a
Markov model (hybrid approach).The transitionprobabilities
of theMarkov modelaredeterminedy ann-gram.Thetwo ap-
proachesaretrainedandtestedon threedifferentprosodically
labeleddatabases.With both approachegredictionaccurag
was higherthanthat reportedin otherstudies. For qualitative

evaluationa new evaluationschemas presente@gnddiscussed.

It is foundthatthefirst approachapplyingthe NN modelgives
the bestresultswith respectto the quality of prosodicallyla-
beledsentences.

1. Introduction

In mary TTS systemshe comple taskof prosodygeneration
is split into two parts[1][2]. In thefirst partsymbolicprosody
labelsaregeneratedTheselabelsareusedasinput to the sec-
ond part that generate$0-contours. Symbolic prosodylabels
canbe separatednto two typesof labels: phrasebreaklabels
andaccentabels.

In this paperthe predictionof accentlabelswill be dis-
cussed. Here the term accentlabel refersto labelson word
level that describeeither perceptuaprosodicaccentsor pitch
accentghatcanbe derived from the fO-contour This distinc-
tion is made,sincethe two databaseausedin this studyapply
two differentlabelingschemesgcf. section6).

Forfastandeasyadaptatiorio new languageand/orspeak-
ersa datadriven approachis favorable. For symbolicaccent
label prediction prominentdata driven approachesre based
on classificationand regressiontrees(CARTS) [3][4]. In [5]
and[6] feed-forvardNNs andtree-basetkarningmethodshave
beenusedto predictword andsyllableprominence.

In this paperwe presenttwo approachegor accentlabel
prediction. In the first approacha causaland retro-causaNN
modelis built. In this approactthe decisionfor a certainac-
centlabelis basedn acontext window of surroundingpart-of-
speechPOS)sequenceand phrasebreaklabels. The second
approachncorporateshe NN modelinto aMarkov modellead-
ing to a hybrid approach.This approactenablesa global view
for awhole sentenceOur systemworks on sentencdevel and
thegoalis to generatea neutralprosodyfor eachsentencesif
the sentencevasreadisolatedfrom surroundingsentences.

The paperis organizedas follows: In section2 the input
parametersisedfor predictionare presented.n section3 the
problemaddresseds describedy formulars. In section4 and
section5 the NN modelandthe hybrid approachrespectiely,
arepresentedWe thendescribethe databasesisedfor training
andtesting(section6). In section7 resultsare presentedo-
getherwith a nev qualitative evaluationscheme.This scheme
is discussedh section8.

2. Input parameters

Whichfeaturesarerelevantfor symbolicaccentabelprediction
hadbeeninvestigatedn [3], [4] and[7]. Generallythe follow-
ing featuresare usedfor accentlabel predictionboth on word
level andon syllablelevel [3][6][8]:

e positional featues that describeat which position the
currentword or syllableis within anintermediateor in-
tonationalphrasg(positionalfeaturesmay alsodescribe
whenthelastaccenccured).

e function/contentvord featuesthatdescribethe distinc-
tion betweerfunctionandcontentwords.

o POSfeatuesthat describepart-of-speeclfPOS)infor-
mation.

e phrasebreakfeatuesthatdescribethe phrasebreakin-
formationfor the currentword/syllableandsurrounding
words/syllables.

o discouse featules that describethe discoursestructure
have beenproposedn [4].

For theapproachepresentedhn this papera simplefeature
setis usedthatcanbeeasilytransferedor theapplicatiorwithin
anew languageThisis importantfor the usewithin our multi-
lingual TTS system.Thereforeno featuresfor content/function
word distinctionandno featuresthat describediscoursanfor-
mation are includedin the featureset. Further no positional
featuresaregenerated.

Thus, the only featuresusedare basedon POS (the POS
tagsusedincludedifferenttagsfor punctuatiormarks,e.g. dif-
ferenttagsare usedfor commasandperiods)andphrasebreak
labelsfor theentiresentenceAs phrasebreakiabels,here,only
two labelsare useddenotingwhetherthereis a phrasebreak
after a word or not (no distinction betweenmajor and minor
breaks).As proposedn [3] and[9], in our systenphrasebreak
labelsarealsopredictedor anentiresentenceisingthemethod
presentedh [10] prior to predictingaccentabels.

3. Problem Description

The problemof accentiabel predictionwith theinputinforma-
tion used(cf. section2) for anentiresentenceanbeformulated



asfollows:
8m = argmaxP(@m|Cm, bm) @)
with
am=(ag,-...,am)

denotinga sequence®f m accentlabelsfor an entire sentence
with mwords. & (i = 1,...,m) denotesa stochastiovariable
thatdescribesheaccenttatusof aword. Here,we only distin-
guishbetweeraccentecandde-accentegvords(cf. section6).
Thereforewe chosea; € {0,1}, with 3 = 1 meaningword i
is accentedanda; = 0 meaningthe word is de-accentedThe
variables

bm:(bla"' :bm)

denotesequencesf POStagsand sequencesf phrasebreak
labels,respectiely.

Cm= (C1,---,Cm) and

am=(a1,---,4m)

denoteghe sequencef accentabelsfor anentiresentencdor
which the probabilityis maximized.This sequenceeedgo be
determined.

In the following two sections,two approachesare de-
scribed,thatlead to a sequencéady, ... ,4n). In thefirst ap-
proacha causaland retro-causaNN is usedto determinean
accentabelfor eachword by usingawindow of POStagsand
phraseébreaklabelsasinput. Thisapproachs explainedin more
detailin [11] and[12]. In thethe secondapproachhybrid ap-
proach)aMarkov modelis built thatenables globalview over
thewholesentence.

4. Neural Network Model

Figurel shavstheblock diagramof the causabndretro-causal
TDNN used[11][12][13]. As canbeseerthe systenis built up
by connectingsubnetvarks NN;, i € {—I,...,r},I,r > 0. The
structureof a subnetverk is explainedin detailin [11] and[12]
andcontainsafeed-forwardNN with sharedveightsandgating
clusters Eachsubnetwrk is associatewvith onetime step.One
time steprepresent®neword within a sentence.The connec-
tion of thesubnetwrksis realizedoy sharedveightmatricesA
andA’ (sharedveightsmeango usethe samesetof weightsin
eachconnectodenotedy thesameuppercaseboldfaceletter).
A propagateshe causalinformationflow (from pastto future)
andA’ propagateshe retro-causalnformationflow (from fu-
tureto past).Theuseof sharedveightmatricegealizesadelay
in time which enableghe modelingof dynamicprocessegalso
known asfinite unfoldingin time [14]). Within thearchitecture
of figure 1, sharedveightmatricesallow a symmetrichandling
of pastandfutureinformation. In our applicationpastrefersto
left context andfuturerefersto right context.

As can be seenin figure 1, eachsubnetwrk! NN; hasa
vectorx; asaninputanda vectoryy asoutput. x; € ™, Vi
andy;, € R",Vi, i.e. theinputandoutputvectors,respectiely,
are of the samedimensionfor all subnetwrks NN;. Thein-
putto the entiresystemis given by a sequencef input vectors
Xt,.. ,Xtgs- - , X, @ndtheoutputis givenby asequencef out-
putvectorsyy,...,Yigs--- s Y, -

1Remarkon notationof NN in this paper:lower casebold facelet-
tersdenotesignalvectorsanduppercasebold facelettersdenoteshared
weightmatrices

Yy Yty Yio Yy Yt,

X

Figurel: Block diagramof a causabndretro-causal DNN.

In our applicationthe input vectorsx,,. .. ,Xty, ... , X, Of
figurel represenasequencef featurevectors.Featurevectors
aredeterminednword level, i.e. eachtime stept; in figurelis
associatedavith oneword. A featurevectorcontainsthe infor-
mationmentionedn sectionl, i.e. POSinformationandphrase
breakinformationfor the word at positiont;. An input vector
Xi,i=—l,...,r, isgivenby eq.(2):

xi = (c,bj) @)

with ¢/ andb] denotingthe codedPOStag and codedphrase
breaklabel,respectiely, for wordi. As codea 1-out-ofM code
is used. Outputvectors,representinghe target during train-
ing, arealsodeterminecbn word level. An outputvectorcon-
tainsthecoded(binary)accentabelfor eachword, asgivenby

eq.(3).
Yt = a: (3)

By applyinga sequencef outputvectorsastargetduringtrain-
ing, theNN parametersanbeadaptediccordingo the context
of surroundingaccentabels.

In [15] it is shavn thatNNs estimateBayesiara posteriori
probabilitiesfor classmembershipif the following conditions
aremet: First, the squared-errocostfunction is usedduring
trainingand,secondabinarycodingis usedattheoutputof the
NN. In our casetheseconditionsare met. Thereforethe NN
computeghefollowing probability:

Pan(&i) = P(ailar, bir) (4)
with
Gr = (Ci7|a"'aci7"'aci+f) and
blr = (bi—|a"'7bi7"'abi+f)

denotingsequencesf POStagsand phrasebreaklabels, re-
spectvely, with alengthof | POStags(phrasebreaklabels)to
theleft of i andr POStags(phrasebreaklabels)to theright of
i

To computea sequencef accentabels(dy, ... ,an) for an
entiresentencethe windows of lengthl to the left andlength
r to theright areshiftedacrosshe sentenceEq. (5) givesone
accentabelof thesequence.

& = argmaxPhn(a) (5)

To getthesequencéor anentiresentenceyweleti=1,... .m.
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Figure2: Diagramof a Markov modelwith 4 statesj.e.n=3
for theunderlyingn-gram.

5. Hybrid Approach

In the following a Markov modelis describedvherethe tran-
sition probabilitiesbetweerstatesaredeterminedy ann-gram
and the emissionprobabilitiesare determinedby the NN de-
scribedin the previous section. A Markov model wherethe
emissionprobabilitiesare determinedoy an NN is known asa
hybrid approachin speechrecognition.Theapproachs similar
to the approachdescribedn [16] for phrasebreakprediction.
Thedifferencelies in the calculationof the emissionprobabil-
ities. As mentionedhere,the emissionprobabilitiesaredeter
minedby theNN describedn sectior4.

The n-gramis usedto modelthe probability of the occur
renceof a certainaccentabel g at positioni givena sequence
of previousaccentabelsof lengthn— 1:

P(ailai-1,--- & nt1) (6)

Theseprobabilitiesare calculatedby countingthe numberof
times eachuniquesequencef lengthn occursin the training
data. The probabilitiesgive the transitionprobabilitiesfor the
Markov model. The Markov modelhas2"1 states.

With theMarkov model,thesequencém = (&, ... ,am) is
givenby thefollowing equation:

m
dm = ammax[|Pwn(&)
amill
xP(aj|a-1,-.-,8-nt1) (7)
m
= amgmax| | P(ai|ci,by)
amill
xP(aj|g-1,-.-,8-nt1) (8)

Figure2 shavs atrellis of aMarkov modelwith 4 statesIn
this casea 3-gramis used.As indicatedjn eachstatetheproba-
bility P(aj|aj_1,aj_2) is multiplied with the probability Pan(a;)
determinedvith the NN. In the forward pathonly the bestpath
in eachstateis retained(Viterbi criterion). For eachsentence,
the backward pathwith the highestprobabilityis chosen.This
way the bestpossiblesequencés determined.

6. Corporaand labeling scheme

For the evaluationof the proposedmethod,two differentcor
porawith differentlabelingschemesvereused.

The first corpuscontains1000 sentence$21549 words)
taken from the German newspaper Frankfurter Allgemeine
Zeitung[17]. The averagesentencdengthis 21.8words. The

corpuswas readaloud in studio ervironmentby two profes-
sionalmaleradio news speakrsyielding two spolen versions
of the corpus(further referencedy databaseFAspl anddata
baseFAgp2). The corpusis taggedwith 35 differentpart-of-
speech(POS)tags. FAsp1 was labeledwith phrasebreakla-
belsandaccentabelsby professionalabelers As phrasebreak
labelsthreedifferentlabelswere used,denotingmajor phrase
breaks,minor phrasebreaks,and no phrasebreaksafter each
word. Theaccentlabelingschemeusedis the sameasapplied
in [18]. Thusthecorpuswasoriginally labeledwith the follow-
ing accentabels:PA (percevedprimaryaccent) SA (perceved
secondanaccent)andEA (perceved emphaticaccent).In la-
beling experimentsa low interannotatoragreementf 70.5%
wasmeasuredisingthe above labels.We thereforegroupedall
accentlabelstogetherto onelabel (PA) andthusonly distin-
guishbetweenwords perceved accentecandwords perceved
de-accentedThisagreesith experiencesnadein [3], whereit
wasfoundthatdatalabeledwith two prominencdevelswasnot
usefulbecausef the low interannotatoragreementWith the
nav labelingschemeaaninter-annotatoragreemenof 86%was
achieved for FAgp1 . This agreements still ratherlow com-
paredto the agreementachiezed in other studies(seebelow).
This might be dueto therelative monotonouspeakingstyle of
the speakr. FAspzwasIabeIedwith minor and major phrase
breaklabelsand PA and SA accentlabels. As before,the two
accenfabelsweregrouped.

The secondcorpus used is the portion of the Boston
University Radio News corpus read by the female spealer
F2B [19](furtherreferencedy databaseBUfop ). The corpus
is labeledwith minor and major phrasebreaks. For the stud-
ies here,words are assignechccentlabelsdescribingwhether
the respectre word bearsa pitch accentor not. For this label-
ing schemeaninter-annotatoragreementf 91% wasreported
in [3].

The interannotatoragreementanto someextent be seen
asanupperboundon performancef predictionalgorithms.

7. Experimentsand Results

For training andtestingboth corporahave beenseparatednto
threesubsetsvhich containapproximatelythe following per
centageof data:trainingset: 70%, validationset: 10%andtest
set (independentestingdata): 20%. All resultsreportedare
determinedn the testset. The validationsetis usedto avoid
over-fitting to thetrainingdata.

Currentlyour targetspealkr is representeih the database
FAsp1. Thereforeall of the experimentsfor qualitative eval-
uationare donefor this database(seebelav). The database
FAsp2is usedto seeif therearesignificantdifferencedetween
differentspealkers. The databaseBUspp is only usedfor refer
ence.

In our approachthe issueof accentplacementwithin the
word, e.g.earlyaccenanddoubleaccentjs notmodeledsince
in our Germancorpussuchphenomenaccuronly for 6% of
thewords. For the Englishcorpussuchphenomenanight need
specialattention[3][9]. However, in this work thefocuslies on
accentabelpredictionon word level, which hasshavn to bea
robustbasisfor prosodygenerationin our system[13] andfor
prosodygeneratioracrosdanguagesn the systemusedin [6]
(eventhoughin [6] prominences predictedon a scalefrom 0
to 9, the synthesizeusedonly distinguishebetweeraccented
wordsandde-accenteavords). Thus,for the experimentsand
resultsdiscussedelav the predictionhasbeendoneon word
level.



7.1. Resultsfor the Neural Network M odel

In thefirst seriesof experimentgheobjectiveis to seehow well
theNN performswithoutthe Markov model,i.e. eq.(5) is used
to determinea sequencef accentabelsém = (&, ... ,am).

Table 1 displaysthe resultsfor accentpredictionfor the
threedatabasesFAgp1, FAsp2andBUf2p . As performance
measureshreevaluesaredisplayed.Thefirst valueis the over-
all percentagef correctpredictionsj.e. correctlyaccentednd
correctlyde-accentesvords(over, tah 1). Thesecondvalueis
thepercentagef wordspredictedo beaccentedthatshouldbe
de-accented,e. insertedaccentgins, tah 1). Thethird valueis
thepercentagef accentshatwerepredictedcorrectly(corr (a),
tah 1). Thethreemeasurebave alsobeenusedn [16] for eval-
uation of their methodfor phrasebreakprediction. The first
three columnsof table 1 presentresultswherethe originally
(hand)labeledphrasebreaklabelswereusedasinput (orig. la-
beledbreaks,tah 1). The next threecolumnspresentresults
wherepredictedphrasebreaklabelswere usedas input (pre-
dictedbreakstah 1). As mentionedin oursystenphrasebreak
labelsaregenerategbrior to accentiabelsfor anentiresentence
usingthemethodpresentedh [10]. Phraséreaklabelsarethus
availablefor awholesentence.

orig. labeledbreaks predictecbreaks
over | ins | corr(a) | over | ins | corr(a)
FAsp1 | 83.1| 94 815 | 826|101 | 822
FAsp2 | 85.8| 8.3 85.1 | 86.1| 8.2 85.4
BUfpp | 84.5| 10.2| 90.0 | 829 | 10.6 | 88.0

Table 1: Resultsfor accentlabel predictionfor the NN model
with differentinputinformationfor thethreedatabases.

Theoverallimpressiorof predictionaccurag is very good.
For all threedatabasesghe resultsfor the overall correctrate
is higher than the resultsreportedin [3]. In the latter study
the the databaseBUfop wasusedandthe overall correctrate
is reportedat 82.5%for the word level. For the studiesin [3]
the originally labeledphrasebreaklabelswere usedasan in-
put and not predictedphrasebreaklabels. Thusthe resultsin
columnone,two, andthreeof table1 mustbe comparedo the
resultsof [3]. Foracomparisonpneneeddo considerthatthe
objective in [3] wasto predictpitch accentson syllablelevel.
However, theresultscanto someextendbe comparecandit is
felt thatthe NN modelgivesvery goodresults,especiallywith
respecto theachieved quality of theresults(seebelow).

It is surprisingthat resultsfor the Germancorpusare in
somecaseetterif predictedphrasebreaklabelsare usedas
aninput insteadof the handlabeledphrasebreaklabels. The
reasorfor this could be, thatthe consisteng for the predicted
phrasebreakss higherandthatthe NN modelcanadapto typ-
ical errorsin phrasebreakprediction.

As canbe seenfrom table 1 theratefor insertionerrorsis
quite high, even thoughthe percentagef correctly predicted
accentlabelsmarksstateof the art accurag. This holdsalso
truefor deletedaccentgratesnotdisplayedn tah 1),i.e. words
marked de-accentedhat should be accented. An important
questionis whethertheinsertionsand/ordeletionsoccurat po-
sitions within a sentencewvherethey disarrangethe prosodic
structureof the sentence To answerthis questiona new qual-
itative evaluationmethodis proposedhatwill be describedn
thefollowing.

For quality analysis,a prosodicallylabeledversionof the
sentencefn the testsetof the Germancorpuswas generated,

wherebypredictedphrasebreaklabelshave beenusedasanin-
put (predictedbreaksin table 1) andthe NN modelhadbeen
trainedon databaseFAspl. Thus,theresultingtestingpart of
the corpus(177 sentencesincludespredictedphrasebreakla-
belsand predictedaccentlabels. For this prosodicallylabeled
version of the sentenceshe overall correctscorefor phrase
breaklabelsis 90.3% (cf. [10]) andthe overall correctscore
for accentabelsis 82.6%(cf. tah 1). Thesentenceweregiven
to asubjectwhowasasledto ratethequality of theprosodida-
belingfor eachsentenceThesubjecthadpreviouslylabelecthe
databaseFAsplprosodicaIbeaseobn perceptiorwhich males
him sensitve and critic to possibleerrors. The subjectrated
whole sentencess either good, acceptableor bad. The fol-
lowing numberof sentencewereratedasindicated:42 (24%)
good,93(53%)acceptableand42 (24%)bad. Theapplicability
of this ratingschemas discussedh section8.

While ratingthe sentencethe subjectmarked accentsthat
were felt to disarrangea prosodicstructurethat would exist
without the marked accent(marked insertionerrors). Further
the subjectmarked wordswereanaccentwould be desirableo
allow for a betterprosodicstructure(marked deletionerrors).
Note that a marked insertion/deletiorerror doesnot necessar
ily have to coincidewith aninsertion/deletiorerror obsered
whencomparinghepredictedabelswith theoriginally labeled
labels.

In generalthe subjectcriticized most,thatinsertedaccents
disarrangedhe prosodicstructureof the sentenceslt wasob-
senedthatin mostcaseshemarkedinsertedaccentsvereasso-
ciatedwith atight decision,.e. the probabilitygivenby eq.(4)
wascloseto 0.5. This leadto a more conserative accentas-
signmenttratgy. A prosodicversionof thetestsentencewas
generatedvhereonly accentswvere marked with a probability
greater0.65. This versionwasagaingivento the subject. This
time the rating was asfollows: 70 (40%) good, 83 (47%) ac-
ceptableand24 (14%)bad. Theseresultsfor theratingaresig-
nificantly bettercomparedo the previous versioneventhough
the overall correctrateis only 80.3%andthuslower thanbe-
fore.

7.2. Resultsfor the Hybrid Approach

Table2 shavstheresultsfor thehybridapproachusingthesame
measurefor performancesfor the NN model.

For theexperimentselatedto the resultsof table2 two pa-
rametersvereoptimizedfor eachdatabase.Thefirst parameter
is n from the n-gramthat determineghe probabilitiesgiven by
eqg.(6). For mostof theexperimentsa 3-gramwasfoundto give
thebestresults.Thesecondgarametewasintroducedo weigh
theinfluenceof the NN modelusedto determinethe emission
probabilitiesin the statesof the Markov model. Thusin eq.(7)
Pon(a) is replaceddy P,,(a) with

Phn(@i) =W x Pnn(a;) )

The factorw controlsthe influenceof the NN model. w was
choserbetweer and4 for the experimentwof table2.

As canbe seenfrom table2 the hybrid approaclygivesbet-
ter resultsin somecases.For databaseBUsop with predicted
phrasebreaklabelsusedas input the highestimprovementof
0.6%wasachieed. In somecasegesultswereworsethanfor
theNN model.

If theresultsof table1 andtable2 arecomparedit canbe
notedthat performancdor both modelsrangesat similar high
levels. However, bothmodelsproducedifferentprosodicstruc-
tureswhenapplied. Thedifferenceof versiondies betweerb%



orig. labeledbreaks predictecbreaks
over | ins | corr(@) | over | ins | corr(a)
FAsp1 | 82.0] 8.1 759 | 815|85| 756
FAsp2 | 86.3| 75 84.3 | 859]| 74| 83.0
BUfpp | 84.2| 10.2| 895 | 835|9.7| 873

Table 2: Resultsfor accentlabel predictionfor the Markov
modelwith differentinputinformationfor thethreedatabases.

and6%. An importantquestionfor uswas,whetherthe quality
of the predictedaccentabelsusingthe hybrid approacthis bet-
ter thanthe quality whenusingthe NN model. Therefore the
samequalitative evaluationwasperformedasfor theNN model.
Again, the databaseFAspl with predictedphrasebreakswas
used.Theratingwasasfollows: 29 (16%)good, 75 (42%) ac-
ceptableand73(41%)bad. It canbenotedthatthequalitywas
ratedsignificantlyworsethanfor the NN model.

8. Discussion

It is felt thatbothdatadrivenapproachepresentedh this paper
to predictaccentabels—perceptuaccentandpitchaccents—
on word level give very goodresultsboth, quantitatvely and
qualitatively.

The quantitatve evaluation(table 1 andtable2) shavs that
predictionaccurag onword level is higherfor bothapproaches
whencomparedvith the predictionaccurag for theword level
reportedn [3].

The qualitatve evaluation proposedin this papershavs
significant differencesfor different prosodicallylabeled ver
sionsof thetestsentencethatweregenerateavith thetwo ap-
proachesTheresultsfrom the qualitative evaluationsaresum-
marizedanddiscussedn the following. A qualitatve evalua-
tion wasonly performedor theresultsof databaseFAgp1 with
predictedphrasebreaklabelsandpredictedaccentabels.

To get a single measurédor eachevaluation,we assigned
thefollowing valuesto eachsentencavith theratingindicated:
+1 (thesentencevasratedgood, O (the sentencevasratedac-
ceptablg, and-1 (thesentencavasratedbad). Thisway mean
valuesfor eachrating canbe calculatedthat are presentedn
table 3. In table 3 NNg s and NNg g5 meansthat accentsare
assignedo aword if the probability given by eq. (4) is greater
thantheindicatedvalue(cf. section7.1) As canbeseerthebest

NNg5 NNo.65 hybrld
0.00 0.26 -0.25

Table 3: Meanratingsfrom a single subjectfor the testsen-
tencewf databaseFAgy.

resultswereobtainedjf the NN modelwasusedwith aconser
vative stratgy for accentassignmenfNNg gs).

A very important questionwhen applying the proposed
evaluation schemeis whetherdifferent subjectsrate a given
prosodicallylabeledsentencehe sameor at leastsimilar. To
testthis, we let threeadditionalsubjectsrate the prosodically
labeledversionof the testsentencethatwasratedbestby the
first subject(NNg g5 in table3). Fromall four subjectginclud-
ing thefirst subject) two hadpreviously labeledthe speectdata
basesAsp1andFAgp2prosodicallybaseddn perception.The
othertwo subjectshad listenedto someof the speechrecord-
ingswith theappropriatelyabeledtext version.For eachof the

four subjectsthe meanrating is givenin table4. The overall
meanfor the four subjectds 0.19. This meanghatthe major
ity of sentencewereeitherfoundto have agoodor acceptable
prosodicstructure,wherebyboth, accentsand phrasebreaks,
werepredicted.

subj.1 | subj.2 | subj.3 | subj.4
0.26 0.33 0.11 0.08

Table4: Meanratingsfrom four subjectdor thetestsentences
of databaseFASplfor thecaseNNg gs.

To testwhetherindividual sentenceareratedsimilar by all
four subjects the standarddeviation for eachsentenceating
canbe calculated. The meanof the standarddeviation for all
sentencegan be seenasa measureof agreementor the dif-
ferentsubjects.The meanof the standarddeviation was 0.55.
This meansthatin the meanoneto two subjectsdisagreedn
therating of a sentencewvith a differencein ratingof 1. A dif-
ferencein ratingof 1 meanghatfor exampleonesubjectrated
goodandanothersubjectratedacceptabldtheratingbadby the
lattersubjectwould meana differenceof 2).

In summarywe concludefrom theresultspresentedor the
qualitative evaluationschemethatthe schemegivesavalid ob-
jective measurdor the overall quality of prosodicallylabeled
sentencesSincethenumberof testsentencess very large (177
testsentences)we feel that the good rating for the quality is
highly significant.
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