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ABSTRACT

Data driven modelssufier from datasparsityand can be
difficult to genealise. Rule basedmodelssuffer from be-
ing over prescriptve andinsensitie to the contents of the
unit selectiondatabase.To further complicatemattersthe
spaceof acceptale prosodyfor ary oneutterancas large.
However in somecasesprosalic patternsfor a particular
spealercanbeveryhomaeneais,for exanplethe prosodic
patternusedto readout a zip code. In this paperwe de-
scribea methodfor exploring and analysing the prosodic
spacewithin alimited domain anda methal for meging a
simplerule basedorosodc modelwith a setof datadriven
mini prosodicmodds. A listeningtestwas carriedout on
the synthesiof zip codeswith andwithout the mini mod-
elswith promising results. The appoachcould be applied
effectively to domairs varying from numeical amounts to
persoml names.

1. INTRODUCTION

Prosodianodelsn TTS systemdave variedfromrulebased
prescripive modelsbasednanimplicit or explicit knowl-
edgebase[1], to datadrivenmodelssuchas: CART deci-
sion treestrainedfrom a spealkrsdata[2, 3], lazy learn-
ing appoachesisingtreematchirg e.g.[4], andunit selec-
tion basedna Viterbi search5]. Prescriptve mocelshave
tendedo usea neural declaratve prosodc structurewhich
can be dull andwoodento listento [6], In contrast, sta-
tistical mocelstypically suffer from datasparsityproblems.
Two possiblesolutiorsto thisprodemare: 1) To meige data
acrosspealkersto redu® datasparsity{7, 8], 2) To conmbine
a prescripive modelwith a datadriven model. This paper
focuseonthesecondsolutionwith speciakegard to limited
doman synthesis.

Commecial open domainspeectsynthesiss oftenap-
pliedto particuladimited domaintasks(For exanple noting
chang of addressteadingoutbankirg details).Oftenthese
tasksrequre specialcarewith regards to the intelligibility
and qudity of syntheis becase the speechbeingsynthe-
sisedis informationallydense.

Within limited domainsyntlesis data driven prosodic
modding can be especiallysuccessful. For examge the
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prosog aspealer usesto reada zip coce will be moreho-
mogereousthanthat usedin free text. However it is not
possibleto limit suchsynthesiserso this limited domain
andthey mustalso perfam acrossfree text. With this in
mind we present:

1. A simple methodfor analysingthe duration and fO
charactestics of a spealers databaséasedon se-
manticabstractiorof word type (e.g Digits, Letters,
OtherNumbes), andfocusingon the charactastics
of thestressedyllabicnuclets of eachword.

2. An exanple of a simpledatadriven modelgenersed
from thisanalysis.

3. An examge of analgorithmto merge this modelwith
asimplistic prescriptve model.

4. Theresultsof applying thisalgorithmfor thetargetfO
contaur of asynthesisedtterance.

5. Theresultsof alisteningtestwith this methal applied
to thesyntresisof UK zip codes.

Finally wewill discusghisappra@achmight beexterded,
its limitationsandproposefurther work.

2. ANALYSING SPEAKER SPECIFIC LIMITED
DOMAIN PROSODY

Prosodicanalysisof speechvaiies from phaologcal ap-
proactes where speechis hand codedfor prosodc cate-
gories(e.g[9]) to a paraneter basedappoachwhereac-
tual fO and durdion statisticsare collectedfrom digitised
waveforns usingautosgmentationandf0 extraction algo-
rithms. The problemwith thefirst methodis thathandcod-
ing is time consunmg andpotentiallysubjectve (e.gAbout
a70%agreemast onthe presene/absencef apitch accent
betweerexperienceccoderq10]).
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Z score across DDDDP and PDDDDP in Database
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However a paraneterisecapproah suffers from thefact
thatmuchof thevariation of fO andduration within aspealer
canbeunmarked,thatis, have little impactontheperceved
prosalic structure. This raisesthe significantprodem of
decidirg whatvariationto statisticallytake accoun of and

Duration: Thez scoreof the nuclets’s durationmeasued
agairstthemearandstandardieviation of thephanemes
duration overthe spealkrsdatabase.

whatto ignore Giventhattheobjedive wasto quicky pro- fO: Five fO valuestaken from 0%, 25%, 50%, 75% and
ducea limited domainmockl for a specificspealer we de- 100%thoughthenuclets.

cidedthe paranaterisedappgoachwasmore apprgriate.In

orderto redwce the unmaked variationwe examined only To further redue the scopeof the model we limited the
thenuclets of theprimarylexically stressedyllableof each measurenmasto sequenceof wordswhichfell into simple
word. Thisresultedn two setsof measurerents: semanticatayories:
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Letters: (L) SingleLetterssuchasthosein thename’l B
M”.

Digits: (D) Singledigitssuchas1,23 but notnaturalnum-
bersgreate than10 suchaseleven,twenty, hunded.

Other numbers (N, n): Suchas hurdred, twenty; eleven,
poirt, minusandaspeciakategoryfor the”and’ used

to speakhumberssuchas’thirteenthousandand elevert'.

In additionwe markedthepresencer absencef apause
before or afterthe wordsin the databasavith the symbd
'P’. All otherwordswereignored (maiked ".” in the ex-
amplebelaw). The resultwasto take sentence$rom the
databas@andproducea symbdic string which represented
thelimited doman we wereinterestedn (in this casenum-
bersandacroryms),we will referto theseasNDL (nurber
digit letter) sequenesthroudhoutthis paper

Exanples:

"IBMlater reported a rise of 3.8 cents,
inits share price."
Normalized: "I B Mlater reported a rise
of three point eight cents pause in its
share price"
NDL sequences:

Input:

PLLL..... DND. P. .. P

"You owe ne, $234.34"
Nor mal i zed:
and thirty four dollars and thirty four
cents"

NDL sequences:

Input:

P. .. PDNnND. . ND. P

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

Input:

Sequacesof 3 or moreNDL itemswerethenregarded
asvalid prosalic mini domans (e.gthe”PLLL" in thefirst
exampe is a phraseinitial sequene of threeletters.) The
frequeng of thesesequenesoccuring in thedatalasewere
measure@ndthenwe plottedthe Durationand FO datato
examire how homogneos they were.

Figure 1 shaws the zscoreduration for the sequenes
DDDDP andPDDDDP (1 valueper lexically stressedu-
cleus). As we can seethe duration changeis reasoably
stableacrassexampes despitevery differert phoretic con-
tents.

Figure 2 shavs thefO valuestakenfrom the nuclets for
thesamesequencetb valuesperlexically stresseducleus).
As with duration the fO cortour is reasonhly stableand
minimally affectedby whethe therewasa precedhg pause
or nott.

1Thedataitem with the pronourcedstresson the 3rd digit is arepeated
item’3131’
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"You owe nme pause two hundred

Of courseothersequenesmaynotbeashomaeneas.
The DDDD sequenceavasalmostexclusively conrectedto
zip codesin our data. Generalnurbersprodice a much
more varied setof sequenes and potentially much more
prosodc variation We will returnto this issuein our dis-
cussion.

3. BUILDING A SPEAKER SPECIFIC LIMITED
DOMAIN PROSODIC MODEL

Givenahomogneos analysisof anNDL sequenea sim-
ple statisticalmodelwas built by calculatingthe meanof
eachitem in the sequene acrossthe samesequenesand
usingthis asatarge for synthesis For exanple if we have
30PLLL sequenestheaverag z durationof thenuclets of
the lexically stressedsyllable of the first letteris averaged
acrosall the30exanples,thentheaverag z durdion of the
secondetter, etc. The sameprocesss carriedout for the 5
fO values in eachitem. Thisis the simplestmocel we could
ervisageandthe onetheseexpelimentsarebasedipon

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

The analysistechniqe hasleft a significant gapin model
whenit comego applyirg thevalues in nomal synthesis:

1. How dowe calculatethetargetsfor materialwhichis
notin anNDL sequenes?

2. How dowe calculatea target for segmeris which are
notthenuclets of thelexically stressedyllable?

Theansweto questioroneis to useaprescriptve model
(oryourfavorite statisticaimodel)to geneatevalues.For fO
we cut the contaur produced splicein our NDL modeland
then contirue the modeé afterwards. We allow patsesto
breakthe contair andif no pauses presehwe comectthe
contous togeher altering the absolutevaluesto take into
accountdowndrift. For duration we generatecompetely
separatevaluesusingthealternatve geneal mocel.

For the gapsin the modelwe take two appioaches:

For fO we conrectthenuclets valuesto all othervalues
with astraightline interpolatedfrom oneto the next.

For duration we compare the difference betweenthe
NDL specifiedz duraion andthe geneal mocels z dura-
tion andlinearly adjustthe generaimocel acrosghewhole
word until thez durationfor the stressedhuclausagree.

For examge if we have theword "severi’ andthe gen-
eral modelpredcts a z scoreof 1.0 for the /e/ in the first
syllableandthe NDL mockl predictsa valueof 1.2 we in-
creasehez duratiors for all othersegmernts by 20%.
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5. EXAMPLE OF A MODIFIED FOCONTOUR
Figure 3 shaws the fO contaur from a databasautterance  Theresultswereasfollows:
comparedto a strav manprescriptve modelandwith the StrongPreferese NDL 17
NDL modelfor aUS zip code. WeakPreferenceNDL 41
The strav manmodelis asfollows. For eachstressed no preference 70

syllablein a nonfunctionword locatea risefall pictureac-
cent. Over eachphrase causea downdrift from 220Hzto
120Hz.

Thedifferencehighlightstheutility of themini prosodic
mode for US zip codes. It closelyappraimatesthe fO in
thedatabaseOf coursetheprescripive modelcoud alsobe
madearbitraily morecomple in order to matchthe speak-
ersprosodicpatterrs. EvensotheUS zip codemini prosaly
would remaina goodfit.

6. NDL LISTENING TEST

An A/B compaisonlisteningtestwascarriedoutonaBritish
RP voice speakingsentencesf the form "The postcodas
EH14ET” or "The postcoa@is CG128LF". whichmapped
ontototwo NDL sequenesPLLDPDLLPandPLLNPDLLP.
32 sentencesvere synthesisedvith andwithout the NDL
modé andusingthe strav manprescripive model.

4 subjectdistenedto bothexampesof eachsentenceip
to a maximum of threetimesandcarriedout a blind com-
parisontestselectinga strongpreferenceweakprefeence
or no preferencefor each.
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WeakPreferenc®aseline | 19
StrongPrefereneBaseline | 2

(Significart P < 0.005Wilcoxonsignedranktest)

It is important to note that the improvemen was not
causedby selectingmore materialfrom ZIP codesin the
databaseln the baseline 207 of the 596 unitsusedto syn-
thesisethe ZIP code portion of the synthesis, were from
original zip codesin the databaseln the NDL versionthis
remainedalmostidenticd (209) This suggsts that im-
provementwas dueto selectingmore apprgriate units in
termsof fO andduratian.

7. DISCUSSION

As discussedh [7] listeningtestresultsfor prosalic model
changesvithin unit selectiormustbetreatedwith care.Other
synthesiserrorshave a heary impacton resultsandthe ex-
tentthe prosodc tame is takeninto accoum by unit selec-
tion canvary dramatically betweerdifferentsystems.
However in this case,becase of the limited natureof
the sentencedeing synthesisedheseresultscanbe more
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stronglyattributedto prosodc mockl differencesasthegen-
eralquality of synthesisvasvery goodwith few concdena-
tion erros.

A more complex questioris to whatextentyou cangen-

eralisetheseresults. Two weaknesseseedto beaddressed:

¢ Thedomaintestedwastoo limited.

Certainlyyoumaynotgetsuchgoad resultswith less
honogen®usmini donmins. In additionit is farfrom
clearhow you mightgereralisemini domairs further
However givena setof semantiabstractios suchas
NDL it is possibleéo maximisehomogeneityandgen-
erality automatically Thuswe believe theframeawork
outlined hereis moretractiblethanrequiring design
of prosodc targetsfor ZIP codes by an expet into-
nationphorologist. GettingZIP codesto soundright
mayseentrivial in termsof open domainspeeclsyn-
thesisbut it canbequiteimportantif youwantto syn-
thesisgéhousand of addresseseverydayto customes
overphorelines.

e Thestrav manmodelwassopoa ary changewould
have beensignificant.

If the prescriptve modé is very goodwe acceptthe
useof adatadrivenmini mode becanesunnecssary
However, producingaprescripive model whichis ap-
propriatefor all limited domainsandgeneal synthe-
sisis a nontrivial task. The apprachoutlinedhere
allows usto plug gapsor weakressesn ary prescrip-
tive mocel andfeel confiden that our zip code will
becorredly modeled As suchit mustberegaidedas
a straightforward engireeringsolutionto a compgex
problem,notareasorto avoid improving prescripive
mocels.

8. CONCLUSION

We have outlineda frameawork for analysingandmoceling
mini prosodc domairs usingnumber, digitsandletters.The
apprachof memging thesemini modds with a prescripive
modé is potertially powerful. A smalllisteningtestfocus-
ing on ZIP codessuggestshe appioachis a practicé solu-
tionto atricky prosodc modding prodemandcouldleadto
significantimprovemert in the prosodc naturalessof unit
selectionsynthesis.
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