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Abstract

This paperdescribeghe currentstatusof the IBM Train-
ableSpeectSynthesisSystem.The systemis a state-of-the-art,
trainable unit-selectiorbased:oncatenatie speectsynthesiser
The systemuseshiddenMarkov models(HMMSs) to provide a
phonetictranscriptionandHMM statealignmentof a database
of single-speadr continuous-speedhainingdata. The runtime
synthesiseusesheHMM statesizedsegmentghatresultasits
basicsynthesisunits. It determinesvhich segmentsto concate-
nateto produceatargetsentenceisingdecisiontreesbuilt from
the training dataand a dynamic programmingsearchto opti-
mise a perceptuallymotivated cost function. The synthesiser
canoperatebothin generaldomainText-to-Speechmode,and
in PhraseSplicingmodeto provide higherquality synthesidgn
limited domains.Systemdave beenbuilt in atleastl0different
languagesndover 70 voices.

1. Introduction

TheIBM TrainableSpeechSynthesisSystemis a state-of-the-
art, trainable unit-selectiorbasecd:oncatenatie speectsynthe-
sis system. This paperdescribeghe currentstatusof the sys-
tem, which waspreviously introducedin [1]. The systemuses
hiddenMarkov model(HMM) state-sizedegmentsasits basic
synthesisunits and decisiontreesin its segmentsearch. The
systemis basedon thework describedn [2], [3], andalsohas
similaritieswith that describedn [4] and[5]. Unlike [2], [3]
the currentsystemcombinesthe decisiontree approactwith a
dynamicprogrammingsearchsimilarto thatusedin [6], [7].

This paperis structuredas follows. Section2 describes
the methodsusedto preparea datasefor usewith the synthe-
siser Section3 describeghe runtimeoperationof the synthe-
siserin generaldomainText-to-SpeecHTTS) mode. Section4
describesheruntimeoperatiornof thesystemin limited domain
PhraseSplicingmode. Finally, Section5 describeghe results
to datewith thesynthesiser

2. Dataset Preparation

For eachnew languagethe first stepin datasetpreparationis
to preparethe scriptto be readduring recording. The scriptis
currently preparedby running a greedyalgorithm over about
100,000nenswire sentences.On eachpassthe greedyalgo-

rithm computes scorefor every sentenceotyetselectedased
on thediphoneswithin it andthe wider contets in which they
occur Thewider context compriseghe diphone,the preceed-
ing phoneandary word boundariedetweerthe threephones.
The scoreis hearily weightedin favour of diphones,in pre-
viously unseerwider contets, which areunderrepresenteih
the script selectedo date. The bestscoringsentencés added
to the scriptandthe processepeated.The resultis a training
scriptin which the mostdiversesentenceareat thetop, andin
which every additionalsentencédringsasmuchnew variety in
phoneticcontext aspossible.

The top 1400-2000sentencef the training script are
recorded providing about2.5 to 3.5 hoursof training speech.
Therecordingsaremadeusinga high quality flat frequeng re-
sponsecardiodmicrophonein a sound-proofedoom. Record-
ings areusuallymadeat a 22kHz or 44kHz samplingrate;the
speechs dowvn-sampledduring systembuilding to the ratere-
quiredin synthesisThespeechecordingis madein stereowith
alaryngograptsignalrecording,[8], which is processedo de-
terminethemomentsof glottal closurein thevoicedsectionsof
thespeech.

The speectdatais initially codedinto 12 dimensionaimel
frequeng cepstralcoeficients (MFCCs) plus log enegy and
thefirst andsecondime differentialsof theseparametersising
25msframesat a uniform 10msframerate. The TTS system
front-endis usedto preparea pronunciationdictionaryfor the
wordsin thescript. A setof speakrindependentiMMs is used
to obtain an initial phonetictranscriptionof the speechwith
theHMMs insertingsilenceshetweernwordswhereappropriate
anddecidingbetweerelternatie pronunciationsvherethey ex-
ist in thedictionary A postprocessindheuristicthenremoves
silenceswhich have beenmistalenly alignedthroughthe clo-
suresof wordsbeginningor endingwith aplosive, [2]. Thisini-
tial alignmentis usedto train a setof spealer-dependentross-
word decision-treestate-clusteretHMMs, [9]. TheseHMMs
are mostly 3 stateleft-to-right models,except for the voiced
plosive modelswhich align betterwith 2 states. The datais
recodedusing 25mspitch synchronougramesthroughregions
of voicedspeechand6msframesat a 3msframeratethrough
urvoiced speechusingthe scalingmethoddescribedn [2] to
ensurethat cepstrafrom the differentsizedframesare compa-
rable. The recodinggivesbetterresolutionthroughregions of
urvoicedspeechwhichis especiallyhelpfulin segmentingplo-



sivesdueto the shorttimescalesandrapidtransitionsinvolved.

After further training the HMMs are usedto provide another
alignment,and the model building processrepeatedisingthe

recodeddata. After moretraining the final modelsare usedto

provide anHMM state-l@el alignmentof thetrainingdata.

Theacoustiadecisiontreesusedin synthesisarebuilt from
the final HMM alignment. A separatedecisiontree is built
for eachunclusteredHMM stateusingthe standardnaximum
likelihoodtreegrowing proceduraisedin mostmodernspeech
recognition systems,[9]. The splits are made using broad
classcontet questionsappliedto the immediatephoneticand
word boundarycontet only, with the likelihood computations
basedntheMFCC,enepy andtimedifferentialparameterde-
scribedabove. Thecriteriausedto stoptreegrowth areto insist
on a minimum of 20 speectseggmentsperleaf anda minimum
increasedn log-likelihood per split, with the latter beingsetso
asto resultin approximately5000leaves.

Enegy predictiondecisiontreesare alsobuilt from the fi-
nal HMM alignment. Again, a separatdreeis built for each
unclusteredHMM stateusingthe sametreegrowing procedure.
In this casethe context consideredncludesthetwo preceeding
phonesthetwo following phonesandthe word boundariede-
tweenthem. Thelikelihoodcomputationsarebasedon the log
peakenepgy valuein eachsggment,definedas the maximum
enepgy foundin any 2mswindow within thesegment.Thetrees
arehuilt to have approximately3000leaves. In predictionthe
medianenepy valuein eachleafis usedasthe predictedvalue.

Perceptuallymodifiedcepstralvectorsandspectratontinu-
ity costdecisiontreesarealsocomputedrom the dataandthe
final HMM alignment,asdescribedn [10]. Thesecomponents
areusedo determinespectratontinuity costsbetweersegment
endpointgduringthe runtimesearch.

Differentphoneshave consisteneffectson natural Fp con-
tours,resultingin whatis known asmicroprosodyBy modeling
theseeffectsthe systemcanproducemorenatural Fy contours
in synthesis. Segmentalpitch deltasare thereforecomputed
from thefinal HMM alignmentandthe processethryngograph
signal. For eachsggmentin the database pitch deltais com-
putedasthe Fy attheendof thesegmentdividedby the F, atthe
beginning of the sggment. The geometricmeanof thesedeltas
is computedfor eachunclusteredHMM stateandrecordedfor
laterusein pitch contourgeneration.

In orderto reducetheruntimesystensizeandimprove run-
time speedsomeof thetraining datais discardedrom therun-
time dataset.This pre-selections performedby keepingonly
thefirst 25 occurrencegor lesswherenecessarydf eachleaf
in the training data. This methodtendsto provide a variety of
prosodicand acousticrealisationsof eachleaf while alsoen-
abling the runtime selectionof longer units due to the large
numberof contiguoussegmentswhich are typically retained.
More complex pre-selectioralgorithmshave beeninvestigated,
[11], but have not yet beenshavn to outperformthe simple
methodjustdescribedandsoarenot currentlyused.

Finally, aproprietaryspeectcompressioralgorithmcanbe
usedto compresshewaveformsin thepre-selectedatasetThe
compressioralgorithm achieves factor 7 compressiorat ary
sampleratefor almosto noticeabledegradationn speeclgual-
ity. Thealgorithmwasdesignedo beasfastaspossibleduring
decompressioandto compresgachframeindependentlyo al-
low randomaccesgo the speechwaveformsduring synthesis.

Use of the compressioralgorithmis optional. Its usereduces
datasesizesby factorsof 2.3 for 8kHz systems2.5for 11kHz
systemsandlargerfactorsfor highersamplingratesystems.

3. Runtime Synthesis

During synthesistext processing,text to phone conversion,
phraseboundaryplacementdurationpredictionand Fy predic-
tion areperformedby anindependentule-basedront-end.The
resultof this processings passedpne phraseat a time, to the
back-endvhich generateshe syntheticspeech.

The first stagein back-endprocessingis the conversion
of the specifiedphonesequenceénto a target acousticleaf se-
guence by droppingthe sequencef contexts implied by the
phonesdown the acoustictrees. Next, target enegiesare de-
terminedfor eachstateusingthe enegy decisiontrees. Tar
getdurationsfor eachstateareobtainedasthe medianduration
of the correspondingcousticleaf scaledsuchthat the sum of
the statedurationsin eachphoneis equalto the phoneduration
specifiedby the front-end. Tamget Fyp valuesfor theendof each
stateare obtainedby linearly interpolatingbetweenthe points
in the F,, contourspecifiedby the front-endgiventhe statetar
getdurations,andaddingthe segmentalpitch deltasdescribed
in Section2 in a perturbation-relaxatiofashionto the contour

With the target acousticleaf sequenceand target state
prosodyvaluesestablishedhe synthesiseproceedso the seg-
mentsearch.Theaim of the searchis to selectthe sequencef
segmentswhichbestproduceghetargetsentenceThesearchs
basedon dynamicprogramming(d.p.), with pruningappliedin
the forward passto limit the numberof parallelsegmentpaths
underconsideration.Eachstepof the forward passbhegins by
determiningwhich acoustidreeleavescansupplysegmentsfor
consideratiorfor usein the currentstate. The target leaf sup-
pliesit's sgmentswith zero cost. It hasbeenfound helpful
to allow segmentsfrom otherleavesto be usedwhenthereis a
poormatchbetweerthetargetprosodyandtheinherentprosody
of the sgmentsin the targetleaf. Therefore the tamgetleafs
sibling suppliesits sggmentswith costT andotherleavesde-
scendedrom the target leaf's grandparennode supply their
segmentswith cost2T'. Segmentsdescendeérom moredistant
relatives are not available dueto a 3.3T pruning costapplied
throughoutheforwardpassIn practicesgmentsareusedrom
leavesotherthanthetametleafin only aboutl.5%of synthesis
states.

All theseggmentsavailablearethencostedor thedifference
betweentheir inherentprosodyand the tarmget prosody Cost
curwes are usedwhich are designedhroughtrial-and-errorto
reflecttheamountof audibledegradatiorintroducedoy modify-
ing the segments inherentprosodyby differentamounts.Thus,
reducingdurationis free, while increasingdurationis not, and
is moreexpensve for unvoicedspeechhanvoicedspeechThe
cheapestost to evaluate (fundamentalfrequeng) is applied
first. In orderto reducethe computationalburden, ary seg-
mentwhosetotal cost(leaf + fundamentafrequeng) exceeds
the pruningcostis skippedwhenevaluatingthe enegy modifi-
cationcosts,andso on. Durationandenegy costsare capped
atT, which is the costcorrespondindo the approximatdimit
of acceptableignalprocessingnodification. Sincemodifying
thesesggmentdurtherwould introduceasignalprocessingrti-
factinto the syntheticspeectthe systenchoosedso producethe



segmentsatthislimit andnot producethetargetprosody When
this occursadditionalcostsareinvokedto costthe extentof this
shortgll.

A small costreward is given to ary segmentwhich was
contiguousin the original recordingswith ary of the segments
presentin the d.p. array of the previous state. Continuity is
costedproperlyin thed.p. below; thisrewardin includedat this
stageto encouragéehe selectionof contiguoussegmentsfor the
d.p.stage.

Thefive lowestcostsegmentsunderconsideratiorarethen
enteredinto the d.p. array of the currentstate. The continuity
rewardaddedabove is subtractedhgain;justbecaus@ segment
was contiguouswith a sgmentin the previous states d.p ar
ray doesnt meanthed.p. pathwill link thetwo segments.The
standaradd.p. maximisationcomputationis then performedto
computethe bestpredecessofor eachsegmentin the current
states d.p. array usingthe costto dateof the sggmentsin the
previous states d.p. arrayandthe spectralcontinuity cost. The
continuity costis computedasin [10] with asmallextrareward
givento contiguoussegments.Finally the costto dateof each
segmentin the currentstates d.p arrayis computecandstored.

After eachstagein the d.p forward passthe synthesiser
looksbackdown the partial pathsto determinef they converge
atary pointin thepast.If it is foundthatthe pathsdo converge
then a tracebackis computedfrom the point of corvergence
backin time to any previous point of convergenceor the start
of the phraseif this is thefirst cornvergencein the phrase.The
tracebackdeterminesvhich segmentwill be usedto produce
eachstatein synthesis. The nev sectionfor which segments
have beendeterminedis then sentimmediatelyto the signal
processingoutinesto be turnedinto speech.This streaming,
andthe subsequenstreamingof the speechwaveform asit is
generatedminimisesthedelayin speectbeingheardfollowing
asynthesigequest.

Thesignalprocessingoutinesconcatenattheselectedey-
mentsandmodify themto have thetargetprosodyorthecapped
prosodicvaluesif applicable.The modificationalgorithmused
is currently unpublished but is similar in conceptto the fre-
gueny domain(FD) PSOLAalgorithmdescribedn [12].

4. Phrase Splicing

In additionto the generaldomain TTS modeof operationde-
scribedabore, the IBM synthesisercan also be operatedin
PhraseSplicingmodeto provide extremelyhigh quality synthe-
sisin limited domains.In phrasesplicing,a coresynthesisys-
temis built asdescribedabore, anda setof applicationspecific
splicefilesarerecordedn thesamevoice. Thesplicefiles cover
all thekey phrasesppearingn the synthesislomain,with the
phrasegsecordedn appropriateprosodiccontets. The phrase
splicingsystenmenablephrasedrom thesplicefilesto beseam-
lesslysplicedtogetherwith phrasedrom othersplicefiles and
with unseerwords(variableg synthesisetby the coresystem.
Introducedn [13] thephrasesplicingalgorithmshave been
modified slightly to be compatiblewith the searchstreaming
describedn Section3. In the currentimplementationphrase
splicingexists essentiallyasanalternatie front-end.Input text
is fed to therule-basedext normalisatiorroutinesusedin TTS
andthe normalisedext thenusedto searcha splicefile dictio-
narypreparedaspartof thebuild. Thesplicefile dictionaryis a

hashtablebuilt from thesplicefileswhichrelatesall normalised
text substringsoccurringin the splicefiles to the statealign-
mentdata(including phoneidentity and prosody)for the cor-
respondingvaveform sggments. A phonesequencandtarget
prosodyareassembleffom thedataassociatedvith thelongest
substringof the synthesisiormalisedext thatcanbe foundin
the splicefile dictionary Whenwordsarein the synthesigext
which are not presentin the splice files a phonesequences
obtainedfor the word from the TTS rule-basedront-end. In
this casetarget prosodyis obtainedfrom the enegy prediction
treesdescribedn Section2, from similar durationprediction
trees,and by linearly interpolatingthe pitch contourbetween
the endsof the phraseon eitherside(or adefault valueat sen-
tenceends). The pitch deltasdescribedn Section2 areadded
to theinterpolatedregion. Finally, the target pitch contourun-
demgoesdiscontinuitysmoothingjn which the naturalvariation
of pitch over contiguoussegmentsis not smoothed{o remove
ary sudderjumpsat splicepoints.

With thephonesequencandtargetprosodydeterminedhe
synthesisepperatesxactly as describedn Section3, except
that the synthesisinventory is augmentedvith the splice file
segmentsfrom the splicefiles usedto constructthe synthesis
phonesequenceandthat theseseggmentsalways male it into
thed.p.array Theresultis that,in regionsfar from boundaries,
the syntheticspeechs producedalmostexactly asit wasin the
splicefile recordings.At boundariedetweensplicefiles how-
ever, the systemautomaticallysplicesin segmentsfrom appro-
priatecontexts from the core synthesiseensuringspectraland
prosodiccontinuityatthejoin. At variablesghesystemswitches
seamlesslyfrom splicefile speechto core systemspeechand
backagain,againensuringspectralandprosodiccontinuity

5. Results

Althoughsynthesislatasetfor acompletelynew languagéave
beenpreparedn aslittle asoneweek;, it typically takesa few
monthsof work to get good performanceyrecordingenviron-
mentsandequipmenineedto be obtained pronunciationsised
during training often needto be correctedby hand,andinvari-
ably other minor problemsarise or mistales are made. Sub-
sequentoicesin the samelanguagehowever cantypically be
built in 3 or 4 daysfrom the commencementf recording. To
date,atotal of over 70 voiceshave beenbuilt in atleast10 dif-
ferentlanguagesUS English,UK English,FrenchandGerman
systemswill bedemonstratedt this workshop.

Theruntimeengineis multi-threadedandsharesiatasetn-
formationbetweerthreadssynthesisinghe samevoice. Mem-
ory usageis approximatelyd0OMB per voice at an 8kHz sam-
pling ratefor compressedystemsUncompressesystemdave
animagesizeof approximately90MB, but run 34%fasterthan
compressedystems. At the time of writing absolutesystem
speeds still underreview.

Figure 1 shavs a widebandspectrogranof the sentence
fragment"...the IBM...” takenfrom the sentencéWelcometo
the IBM Researchrext-to-Speechdemonstratiorpag€e’. syn-
thesisedn afemalevoice atan 11kHz samplingrate. Thever
tical lines shaw the stateboundariesand the “chk” labelsthe
boundarief the chunksof speechconcatenatedo construct
the speech. In typical synthesisconcatenatioroccurson ap-
proximately70%of stateboundaries.
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Figure1: Widebandspectrogranof the sentencdragment”...the IBM...” synthesisedn a femalevoice at an 11kHz samplingrate.
Stateboundariegverticallines) andconcatenatiomoundariegchk labels)areshovn.

Phrasesplicingsystemsave beenbuilt in anumberof lan-
guagedor numerousroicesin severaldifferentdomains.ln US
English domainshave includedmutual fund trading, financial
news, andairline resenations. A demonstratiorof partof the
mutualfund trading systemis available by calling +1 972 402
5963andsaying“mutual fund”.

6. Conclusion

ThelBM TrainableSpeectBynthesiseis a state-of-the-antinit-
selectionbasedconcatenatie speechsynthesiser It enables
bothhigh quality generadomainText-to-Speectsynthesisand
very high quality limited domainsynthesigo be performedin
multiple languages.New voicescan be built in existing lan-
guagesn 3 or 4 days.
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