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ABSTRACT

Data driven modelssuffer from datasparsityand can be
difficult to generalise. Rule basedmodelssuffer from be-
ing over prescriptive andinsensitive to the contents of the
unit selectiondatabase.To further complicatemattersthe
spaceof acceptable prosodyfor any oneutteranceis large.
However in somecasesprosodic patternsfor a particular
speakercanbeveryhomogeneous,for exampletheprosodic
patternusedto readout a zip code. In this paperwe de-
scribea methodfor exploring andanalysing the prosodic
spacewithin a limited domain, anda method for merging a
simplerule basedprosodic modelwith a setof datadriven
mini prosodicmodels. A listeningtestwascarriedout on
thesynthesisof zip codeswith andwithout themini mod-
els with promising results.Theapproachcouldbeapplied
effectively to domains varying from numerical amounts to
personal names.

1. INTRODUCTION

Prosodicmodelsin TTSsystemshavevariedfromrulebased
prescriptivemodels,basedonanimplicit or explicit knowl-
edgebase[1], to datadrivenmodelssuchas: CART deci-
sion treestrainedfrom a speakersdata[2, 3], lazy learn-
ing approachesusingtreematching e.g. [4], andunit selec-
tion basedonaViterbi search[5]. Prescriptivemodelshave
tendedto usea neutral declarative prosodic structurewhich
can be dull and woodento listen to [6], In contrast, sta-
tistical modelstypically suffer from datasparsityproblems.
Twopossiblesolutionsto thisproblemare:1)Tomergedata
acrossspeakersto reducedatasparsity[7, 8], 2) To combine
a prescriptive modelwith a datadrivenmodel. This paper
focusesonthesecondsolutionwith specialregard to limited
domain synthesis.

Commercial open domainspeechsynthesisis oftenap-
pliedto particularlimited domaintasks(Forexamplenoting
changeof address,readingoutbanking details).Oftenthese
tasksrequire specialcarewith regards to the intelligibility
andquality of synthesis because the speechbeingsynthe-
sisedis informationallydense.

Within limited domainsynthesisdatadriven prosodic
modeling can be especiallysuccessful. For example the

prosody a speaker usesto reada zip code will bemoreho-
mogeneousthan that usedin free text. However it is not
possibleto limit suchsynthesisersto this limited domain
and they mustalsoperform acrossfree text. With this in
mindwepresent:

1. A simple methodfor analysingthe duration and f0
characteristics of a speakers databasebasedon se-
manticabstractionof word type(e.g. Digits, Letters,
OtherNumbers), andfocusingon the characteristics
of thestressedsyllabicnucleus of eachword.

2. An example of a simpledatadriven modelgenerated
from this analysis.

3. An example of analgorithmto mergethismodelwith
a simplisticprescriptive model.

4. Theresultsof applying thisalgorithmfor thetargetf0
contour of a synthesisedutterance.

5. Theresultsof alisteningtestwith thismethodapplied
to thesynthesisof UK zip codes.

Finallywewill discussthisapproachmight beextended,
its limitationsandproposefurther work.

2. ANALYSING SPEAKER SPECIFIC LIMITED
DOMAIN PROSODY

Prosodicanalysisof speechvaries from phonological ap-
proaches where speechis hand codedfor prosodic cate-
gories(e.g [9]) to a parameter basedapproachwhereac-
tual f0 andduration statisticsarecollectedfrom digitised
waveforms usingautosegmentationandf0 extraction algo-
rithms.Theproblemwith thefirst methodis thathandcod-
ing is timeconsuming andpotentiallysubjective(e.gAbout
a 70%agreement on thepresence/absenceof a pitch accent
betweenexperiencedcoders[10]).
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Howeveraparameterisedapproachsuffers from thefact
thatmuchof thevariationof f0 anddurationwithin aspeaker
canbeunmarked,thatis, havelittle impactontheperceived
prosodic structure. This raisesthe significantproblem of
deciding whatvariationto statisticallytake account of and
whatto ignore. Giventhattheobjectivewasto quickly pro-
ducea limited domainmodel for a specificspeaker we de-
cidedtheparamaterisedapproachwasmore appropriate.In
orderto reduce the unmarked variationwe examined only
thenucleusof theprimarylexically stressedsyllableof each
word. This resultedin two setsof measurements:

Duration: Thez scoreof thenucleus’s durationmeasured
againstthemeanandstandarddeviationof thephonemes
duration over thespeakersdatabase.

f0: Five f0 valuestaken from 0%, 25%, 50%, 75% and
100%thoughthenucleus.

To further reduce thescopeof themodel we limited the
measurementsto sequences of wordswhichfell into simple
semanticcategories:



Letters: (L) SingleLetterssuchasthosein thename”I B
M”.

Digits: (D) Singledigitssuchas1,2,3 but notnaturalnum-
bersgreater than10suchaseleven,twenty, hundred.

Other numbers (N, n): Suchas hundred, twenty, eleven,
point, minusandaspecialcategoryfor the”and” used
tospeaknumberssuchas”thirteenthousandand eleven”.

In additionwemarkedthepresenceorabsenceof apause
before or after the words in the databasewith the symbol
’P’. All otherwords were ignored (marked ”.” in the ex-
amplebelow). The resultwas to take sentencesfrom the
databaseandproducea symbolic string which represented
thelimited domain we wereinterestedin (in this casenum-
bersandacronyms),wewill referto theseasNDL (number
digit letter)sequencesthroughoutthis paper.

Examples:

Input: "IBM later reported a rise of 3.8 cents,
in its share price."
Normalized: "I B M later reported a rise
of three point eight cents pause in its
share price"
NDL sequences: PLLL.....DND.P...P

Input: "You owe me, $234.34"
Normalized: "You owe me pause two hundred
and thirty four dollars and thirty four
cents"
NDL sequences: P...PDNnND..ND.P

Input: "Arizona, 12345-1234"
Normalized: "Arizona pause one two three
four five pause dash one two three four"
NDL sequences: P.PDDDDDP.DDDDP

Sequencesof 3 or moreNDL itemswerethenregarded
asvalid prosodic mini domains (e.gthe”PLLL” in thefirst
example is a phrase initial sequence of threeletters.) The
frequency of thesesequencesoccurring in thedatabasewere
measuredandthenwe plottedtheDurationandF0 datato
examine how homogeneous they were.

Figure 1 shows the zscoreduration for the sequences
DDDDP andPDDDDP(1 valueper lexically stressednu-
cleus). As we can seethe duration changeis reasonably
stableacrossexamplesdespitevery different phonetic con-
tents.

Figure 2 shows thef0 valuestakenfrom thenucleus for
thesamesequences(5valuesperlexically stressednucleus).
As with duration the f0 contour is reasonably stableand
minimally affectedby whether therewasa preceding pause
or not1.

1Thedataitem with thepronouncedstresson the3rddigit is a repeated
item ’3131’

Of courseothersequencesmaynotbeashomogeneous.
TheDDDD sequencewasalmostexclusively connectedto
zip codesin our data. Generalnumbersproduce a much
more varied set of sequences and potentially much more
prosodic variation. We will returnto this issuein our dis-
cussion.

3. BUILDING A SPEAKER SPECIFIC LIMITED
DOMAIN PROSODIC MODEL

Givena homogeneous analysisof anNDL sequencea sim-
ple statisticalmodelwas built by calculatingthe meanof
eachitem in the sequence acrossthe samesequencesand
usingthis asa target for synthesis.For example if we have
30PLLL sequencestheaveragez durationof thenucleusof
the lexically stressedsyllableof the first letter is averaged
acrossall the30examples,thentheaveragezdurationof the
secondletter, etc. Thesameprocessis carriedout for the5
f0 values in eachitem. This is thesimplestmodel we could
envisageandtheonetheseexperimentsarebasedupon.

4. MERGING AN NDL MODEL AND A
PRESCRIPTIVE RULE BASED MODEL

The analysistechnique hasleft a significant gapin model
whenit comesto applying thevalues in normal synthesis:

1. How dowecalculatethetargetsfor materialwhich is
not in anNDL sequences?

2. How do we calculatea target for segments whichare
not thenucleus of thelexically stressedsyllable?

Theanswertoquestiononeis touseaprescriptivemodel
(or yourfavoritestatisticalmodel)to generatevalues.For f0
we cut thecontour produced,splicein ourNDL modeland
then continue the model afterwards. We allow pausesto
breakthecontour andif no pauseis present we connectthe
contours together altering the absolutevaluesto take into
accountdowndrift. For duration we generatecompletely
separatevaluesusingthealternative general model.

For thegapsin themodelwe take two approaches:
For f0 we connectthenucleus valuesto all othervalues

with astraightline interpolatedfrom oneto thenext.
For duration we compare the difference betweenthe

NDL specifiedz duration and the general models z dura-
tion andlinearly adjustthegeneralmodel acrossthewhole
worduntil thez durationfor thestressednucleusagree.

For example if we have theword ”seven” andthegen-
eral modelpredicts a z scoreof 1.0 for the /e/ in the first
syllableandtheNDL model predictsa valueof 1.2 we in-
creasethez durations for all othersegments by 20%.
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5. EXAMPLE OF A MODIFIED F0 CONTOUR

Figure 3 shows the f0 contour from a databaseutterance
comparedto a straw manprescriptive modelandwith the
NDL modelfor a US zip code.

The straw manmodel is asfollows. For eachstressed
syllablein a nonfunctionword locatea risefall pictureac-
cent. Over eachphrasecausea downdrift from 220Hzto
120Hz.

Thedifferencehighlightstheutility of themini prosodic
model for US zip codes.It closelyapproximatesthe f0 in
thedatabase.Of coursetheprescriptivemodelcould alsobe
madearbitrarily morecomplex in order to matchthespeak-
ersprosodicpatterns. EvensotheUSzipcodemini prosody
wouldremainagoodfit.

6. NDL LISTENING TEST

An A/B comparisonlisteningtestwascarriedoutonaBritish
RP voicespeakingsentencesof the form ”The postcodeis
EH14ET” or ”The postcode is CG128LF”. whichmapped
ontoto twoNDL sequencesPLLDPDLLPandPLLNPDLLP.
32 sentencesweresynthesisedwith andwithout the NDL
model andusingthestraw manprescriptivemodel.

4 subjectslistenedto bothexamplesof eachsentenceup
to a maximum of threetimesandcarriedout a blind com-
parisontestselectinga strongpreference,weakpreference
or nopreferencefor each.

Theresultswereasfollows:

StrongPreferenceNDL 17
WeakPreferenceNDL 41
nopreference 70
WeakPreferenceBaseline 19
StrongPreferenceBaseline 2

(Significant P
�

0.005Wilcoxonsignedranktest)

It is important to note that the improvement was not
causedby selectingmore materialfrom ZIP codes in the
database.In thebaseline,207of the596unitsusedto syn-
thesisethe ZIP codeportion of the synthesis, were from
original zip codesin thedatabase.In theNDL versionthis
remainedalmost identical (209). This suggests that im-
provementwasdueto selectingmoreappropriateunits in
termsof f0 andduration.

7. DISCUSSION

As discussedin [7] listeningtestresultsfor prosodic model
changeswithin unit selectionmustbetreatedwith care.Other
synthesiserrorshave a heavy impacton resultsandtheex-
tent theprosodic target is taken into account by unit selec-
tion canvarydramaticallybetweendifferentsystems.

However in this case,becauseof the limited natureof
the sentencesbeing synthesisedtheseresultscanbe more



stronglyattributedto prosodic model differencesasthegen-
eralqualityof synthesiswasverygoodwith few concatena-
tion errors.

A morecomplex questionis to whatextentyoucangen-
eralisetheseresults.Two weaknessesneedto beaddressed:

� Thedomaintestedwastoo limited.

Certainlyyoumaynotgetsuchgood resultswith less
homogeneousmini domains.In additionit is far from
clearhow youmightgeneralisemini domains further.
However givena setof semanticabstractions suchas
NDL it is possibletomaximisehomogeneityandgen-
eralityautomatically. Thuswebelievetheframework
outlined hereis moretractiblethanrequiring design
of prosodic targetsfor ZIP codesby an expert into-
nationphonologist. GettingZIP codesto soundright
mayseemtrivial in termsof open domainspeechsyn-
thesisbut it canbequiteimportantif youwantto syn-
thesisethousandsof addresseseverydayto customers
overphone lines.

� Thestraw manmodelwassopoor any changewould
havebeensignificant.

If theprescriptive model is very goodwe acceptthe
useof adatadrivenmini model becomesunnecessary.
However, producingaprescriptivemodel whichisap-
propriatefor all limited domainsandgeneral synthe-
sis is a non-trivial task. The approachoutlinedhere
allowsusto pluggapsor weaknessesin any prescrip-
tive model andfeel confident that our zip code will
becorrectly modeled. As suchit mustberegardedas
a straightforwardengineeringsolutionto a complex
problem,notareasonto avoid improving prescriptive
models.

8. CONCLUSION

We have outlineda framework for analysingandmodeling
mini prosodic domainsusingnumber, digitsandletters.The
approachof merging thesemini models with a prescriptive
model is potentially powerful. A small listeningtestfocus-
ing on ZIP codessuggeststheapproachis a practical solu-
tion toatricky prosodic modeling problemandcouldleadto
significantimprovement in theprosodic naturalnessof unit
selectionsynthesis.
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