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Abstract

This paperdescribesthe currentstatusof the IBM Train-
ableSpeechSynthesisSystem.Thesystemis a state-of-the-art,
trainable,unit-selectionbasedconcatenativespeechsynthesiser.
ThesystemuseshiddenMarkov models(HMMs) to provide a
phonetictranscriptionandHMM statealignmentof a database
of single-speaker continuous-speechtrainingdata.Theruntime
synthesiserusestheHMM statesizedsegmentsthatresultasits
basicsynthesisunits. It determineswhichsegmentsto concate-
nateto produceatargetsentenceusingdecisiontreesbuilt from
the training dataand a dynamicprogrammingsearchto opti-
mise a perceptuallymotivatedcost function. The synthesiser
canoperateboth in generaldomainText-to-Speechmode,and
in PhraseSplicingmodeto provide higherquality synthesisin
limited domains.Systemshavebeenbuilt in atleast10different
languagesandover 70 voices.

1. Introduction
TheIBM TrainableSpeechSynthesisSystemis a state-of-the-
art, trainable,unit-selectionbasedconcatenative speechsynthe-
sis system.This paperdescribesthe currentstatusof the sys-
tem,which waspreviously introducedin [1]. Thesystemuses
hiddenMarkov model(HMM) state-sizedsegmentsasits basic
synthesisunits and decisiontreesin its segmentsearch. The
systemis basedon thework describedin [2], [3], andalsohas
similaritieswith that describedin [4] and[5]. Unlike [2], [3]
thecurrentsystemcombinesthedecisiontreeapproachwith a
dynamicprogrammingsearchsimilar to thatusedin [6], [7].

This paperis structuredas follows. Section2 describes
themethodsusedto preparea datasetfor usewith the synthe-
siser. Section3 describesthe runtimeoperationof thesynthe-
siserin generaldomainText-to-Speech(TTS) mode.Section4
describestheruntimeoperationof thesystemin limited domain
PhraseSplicingmode. Finally, Section5 describesthe results
to datewith thesynthesiser.

2. Dataset Preparation
For eachnew languagethe first stepin datasetpreparationis
to preparethescript to be readduring recording.Thescript is
currently preparedby running a greedyalgorithm over about
100,000newswire sentences.On eachpassthe greedyalgo-

rithmcomputesascorefor everysentencenotyetselectedbased
on thediphoneswithin it andthewider contexts in which they
occur. Thewider context comprisesthe diphone,the preceed-
ing phoneandany word boundariesbetweenthe threephones.
The scoreis heavily weightedin favour of diphones,in pre-
viously unseenwider contexts, which areunder-representedin
the script selectedto date. The bestscoringsentenceis added
to the script andthe processrepeated.The result is a training
scriptin which themostdiversesentencesareat thetop,andin
which every additionalsentencebringsasmuchnew variety in
phoneticcontext aspossible.

The top 1400-2000sentencesof the training script are
recorded,providing about2.5 to 3.5 hoursof training speech.
Therecordingsaremadeusinga high quality flat frequency re-
sponsecardiodmicrophonein a sound-proofedroom. Record-
ingsareusuallymadeat a 22kHzor 44kHzsamplingrate; the
speechis down-sampledduringsystembuilding to the ratere-
quiredin synthesis.Thespeechrecordingis madein stereowith
a laryngographsignalrecording,[8], which is processedto de-
terminethemomentsof glottalclosurein thevoicedsectionsof
thespeech.

Thespeechdatais initially codedinto 12 dimensionalmel
frequency cepstralcoefficients (MFCCs) plus log energy and
thefirst andsecondtime differentialsof theseparametersusing
25msframesat a uniform 10msframerate. The TTS system
front-endis usedto preparea pronunciationdictionaryfor the
wordsin thescript.A setof speaker independentHMMs is used
to obtain an initial phonetictranscriptionof the speech,with
theHMMs insertingsilencesbetweenwordswhereappropriate
anddecidingbetweenalternativepronunciationswherethey ex-
ist in thedictionary. A postprocessingheuristicthenremoves
silenceswhich have beenmistakenly alignedthroughthe clo-
suresof wordsbeginningor endingwith aplosive,[2]. This ini-
tial alignmentis usedto train a setof speaker-dependentcross-
word decision-treestate-clusteredHMMs, [9]. TheseHMMs
are mostly 3 stateleft-to-right models,except for the voiced
plosive modelswhich align betterwith 2 states. The datais
recodedusing25mspitch synchronousframesthroughregions
of voicedspeech,and6msframesat a 3msframeratethrough
unvoicedspeech,usingthe scalingmethoddescribedin [2] to
ensurethat cepstrafrom thedifferentsizedframesarecompa-
rable. The recodinggivesbetterresolutionthroughregionsof
unvoicedspeechwhich is especiallyhelpful in segmentingplo-



sivesdueto theshorttimescalesandrapidtransitionsinvolved.
After further training the HMMs are usedto provide another
alignment,and the modelbuilding processrepeatedusingthe
recodeddata. After moretraining thefinal modelsareusedto
provide anHMM state-level alignmentof thetrainingdata.

Theacousticdecisiontreesusedin synthesisarebuilt from
the final HMM alignment. A separatedecisiontree is built
for eachunclusteredHMM stateusingthe standardmaximum
likelihoodtreegrowing procedureusedin mostmodernspeech
recognition systems,[9]. The splits are made using broad
classcontext questionsappliedto the immediatephoneticand
word boundarycontext only, with the likelihoodcomputations
basedontheMFCC,energyandtimedifferentialparametersde-
scribedabove. Thecriteriausedto stoptreegrowth areto insist
on a minimumof 20 speechsegmentsper leaf anda minimum
increasein log-likelihoodpersplit, with the latterbeingsetso
asto resultin approximately5000leaves.

Energy predictiondecisiontreesarealsobuilt from thefi-
nal HMM alignment. Again, a separatetree is built for each
unclusteredHMM stateusingthesametreegrowing procedure.
In this casethecontext consideredincludesthetwo preceeding
phones,thetwo following phones,andthewordboundariesbe-
tweenthem. Thelikelihoodcomputationsarebasedon thelog
peakenergy value in eachsegment,definedas the maximum
energy foundin any 2mswindow within thesegment.Thetrees
arebuilt to have approximately3000leaves. In predictionthe
medianenergy valuein eachleaf is usedasthepredictedvalue.

Perceptuallymodifiedcepstralvectorsandspectralcontinu-
ity costdecisiontreesarealsocomputedfrom thedataandthe
final HMM alignment,asdescribedin [10]. Thesecomponents
areusedto determinespectralcontinuitycostsbetweensegment
endpointsduringtheruntimesearch.

Differentphoneshave consistenteffectsonnatural ��� con-
tours,resultingin whatis known asmicroprosody. By modeling
theseeffectsthesystemcanproducemorenatural ��� contours
in synthesis. Segmentalpitch deltasare thereforecomputed
from thefinal HMM alignmentandtheprocessedlaryngograph
signal. For eachsegmentin the databasea pitch deltais com-
putedasthe ��� attheendof thesegmentdividedby the ��� atthe
beginningof thesegment.Thegeometricmeanof thesedeltas
is computedfor eachunclusteredHMM stateandrecordedfor
laterusein pitchcontourgeneration.

In orderto reducetheruntimesystemsizeandimproverun-
time speedsomeof thetrainingdatais discardedfrom therun-
time dataset.This pre-selectionis performedby keepingonly
the first 25 occurrences(or lesswherenecessary)of eachleaf
in the trainingdata. This methodtendsto provide a variety of
prosodicandacousticrealisationsof eachleaf while alsoen-
abling the runtime selectionof longer units due to the large
numberof contiguoussegmentswhich are typically retained.
Morecomplex pre-selectionalgorithmshave beeninvestigated,
[11], but have not yet beenshown to outperformthe simple
methodjustdescribedandsoarenotcurrentlyused.

Finally, aproprietaryspeechcompressionalgorithmcanbe
usedto compressthewaveformsin thepre-selecteddataset.The
compressionalgorithm achieves factor 7 compressionat any
sampleratefor almostnonoticeabledegradationin speechqual-
ity. Thealgorithmwasdesignedto beasfastaspossibleduring
decompressionandto compresseachframeindependentlyto al-
low randomaccessto the speechwaveformsduring synthesis.

Useof the compressionalgorithmis optional. Its usereduces
datasetsizesby factorsof 2.3 for 8kHz systems,2.5 for 11kHz
systems,andlargerfactorsfor highersamplingratesystems.

3. Runtime Synthesis

During synthesistext processing,text to phone conversion,
phraseboundaryplacement,durationpredictionand � � predic-
tion areperformedby anindependentrule-basedfront-end.The
resultof this processingis passed,onephraseat a time, to the
back-endwhichgeneratesthesyntheticspeech.

The first stagein back-endprocessingis the conversion
of the specifiedphonesequenceinto a target acousticleaf se-
quence,by droppingthe sequenceof contexts implied by the
phonesdown the acoustictrees. Next, target energiesarede-
terminedfor eachstateusing the energy decisiontrees. Tar-
getdurationsfor eachstateareobtainedasthemedianduration
of the correspondingacousticleaf scaledsuchthat the sumof
thestatedurationsin eachphoneis equalto thephoneduration
specifiedby thefront-end.Target ��� valuesfor theendof each
stateareobtainedby linearly interpolatingbetweenthe points
in the ��� contourspecifiedby thefront-endgiventhestatetar-
get durations,andaddingthesegmentalpitch deltasdescribed
in Section2 in a perturbation-relaxationfashionto thecontour.

With the target acoustic leaf sequenceand target state
prosodyvaluesestablishedthesynthesiserproceedsto theseg-
mentsearch.Theaim of thesearchis to selectthesequenceof
segmentswhichbestproducesthetargetsentence.Thesearchis
basedon dynamicprogramming(d.p.),with pruningappliedin
the forwardpassto limit thenumberof parallelsegmentpaths
underconsideration.Eachstepof the forward passbegins by
determiningwhichacoustictreeleavescansupplysegmentsfor
considerationfor usein the currentstate. The target leaf sup-
plies it’ s segmentswith zero cost. It hasbeenfound helpful
to allow segmentsfrom otherleavesto beusedwhenthereis a
poormatchbetweenthetargetprosodyandtheinherentprosody
of the segmentsin the target leaf. Therefore,the target leaf’s
sibling suppliesits segmentswith cost 	 andother leavesde-
scendedfrom the target leaf’s grandparentnodesupply their
segmentswith cost 
�	 . Segmentsdescendedfrom moredistant
relativesarenot availabledue to a ��
 ��	 pruningcostapplied
throughouttheforwardpass.In practicesegmentsareusedfrom
leavesotherthanthetargetleaf in only about1.5%of synthesis
states.

All thesegmentsavailablearethencostedfor thedifference
betweentheir inherentprosodyand the target prosody. Cost
curves areusedwhich aredesignedthroughtrial-and-errorto
reflecttheamountof audibledegradationintroducedby modify-
ing thesegment’s inherentprosodyby differentamounts.Thus,
reducingdurationis free,while increasingdurationis not, and
is moreexpensive for unvoicedspeechthanvoicedspeech.The
cheapestcost to evaluate(fundamentalfrequency) is applied
first. In order to reducethe computationalburden,any seg-
mentwhosetotal cost(leaf + fundamentalfrequency) exceeds
thepruningcostis skippedwhenevaluatingtheenergy modifi-
cationcosts,andsoon. Durationandenergy costsarecapped
at 	 , which is thecostcorrespondingto theapproximatelimit
of acceptablesignalprocessingmodification.Sincemodifying
thesesegmentsfurtherwould introduceasignalprocessingarti-
factinto thesyntheticspeechthesystemchoosesto producethe



segmentsat this limit andnotproducethetargetprosody. When
thisoccursadditionalcostsareinvokedto costtheextentof this
shortfall.

A small cost reward is given to any segmentwhich was
contiguousin theoriginal recordingswith any of thesegments
presentin the d.p. array of the previous state. Continuity is
costedproperlyin thed.p.below; this rewardin includedat this
stageto encouragetheselectionof contiguoussegmentsfor the
d.p.stage.

Thefive lowestcostsegmentsunderconsiderationarethen
enteredinto the d.p. arrayof the currentstate. The continuity
rewardaddedabove is subtractedagain;justbecausea segment
wascontiguouswith a segmentin the previous state’s d.p ar-
ray doesn’t meanthed.p.pathwill link thetwo segments.The
standardd.p. maximisationcomputationis then performedto
computethe bestpredecessorfor eachsegmentin the current
state’s d.p. array, usingthe costto dateof the segmentsin the
previousstate’s d.p.arrayandthespectralcontinuitycost.The
continuitycostis computedasin [10] with asmallextra reward
given to contiguoussegments.Finally thecostto dateof each
segmentin thecurrentstate’sd.parrayis computedandstored.

After eachstagein the d.p forward passthe synthesiser
looksbackdown thepartialpathsto determineif they converge
at any point in thepast.If it is foundthatthepathsdoconverge
then a tracebackis computedfrom the point of convergence
backin time to any previous point of convergenceor the start
of thephraseif this is thefirst convergencein thephrase.The
tracebackdetermineswhich segmentwill be usedto produce
eachstatein synthesis.The new sectionfor which segments
have beendeterminedis then sent immediatelyto the signal
processingroutinesto be turnedinto speech.This streaming,
andthe subsequentstreamingof the speechwaveform as it is
generated,minimisesthedelayin speechbeingheardfollowing
a synthesisrequest.

Thesignalprocessingroutinesconcatenatetheselectedseg-
mentsandmodify themto havethetargetprosody, or thecapped
prosodicvaluesif applicable.Themodificationalgorithmused
is currently unpublished,but is similar in conceptto the fre-
quency domain(FD) PSOLAalgorithmdescribedin [12].

4. Phrase Splicing

In additionto the generaldomainTTS modeof operationde-
scribedabove, the IBM synthesisercan also be operatedin
PhraseSplicingmodeto provideextremelyhighqualitysynthe-
sisin limited domains.In phrasesplicing,a coresynthesissys-
temis built asdescribedabove,andasetof applicationspecific
splicefilesarerecordedin thesamevoice.Thesplicefilescover
all thekey phrasesappearingin thesynthesisdomain,with the
phrasesrecordedin appropriateprosodiccontexts. Thephrase
splicingsystemenablesphrasesfrom thesplicefilesto beseam-
lesslysplicedtogetherwith phrasesfrom othersplicefiles and
with unseenwords(variables) synthesisedby thecoresystem.

Introducedin [13] thephrasesplicingalgorithmshavebeen
modified slightly to be compatiblewith the searchstreaming
describedin Section3. In the currentimplementationphrase
splicingexistsessentiallyasanalternative front-end.Input text
is fed to therule-basedtext normalisationroutinesusedin TTS
andthenormalisedtext thenusedto searcha splicefile dictio-
narypreparedaspartof thebuild. Thesplicefile dictionaryis a

hashtablebuilt from thesplicefileswhichrelatesall normalised
text substringsoccurringin the splice files to the statealign-
mentdata(including phoneidentity andprosody)for the cor-
respondingwaveform segments.A phonesequenceandtarget
prosodyareassembledfrom thedataassociatedwith thelongest
substringsof thesynthesisnormalisedtext thatcanbefoundin
thesplicefile dictionary. Whenwordsarein thesynthesistext
which are not presentin the splice files a phonesequenceis
obtainedfor the word from the TTS rule-basedfront-end. In
this casetargetprosodyis obtainedfrom theenergy prediction
treesdescribedin Section2, from similar durationprediction
trees,andby linearly interpolatingthe pitch contourbetween
theendsof thephraseson eitherside(or a default valueat sen-
tenceends).Thepitch deltasdescribedin Section2 areadded
to the interpolatedregion. Finally, the targetpitch contourun-
dergoesdiscontinuitysmoothing,in which thenaturalvariation
of pitch over contiguoussegmentsis not smoothed,to remove
any suddenjumpsat splicepoints.

With thephonesequenceandtargetprosodydeterminedthe
synthesiseroperatesexactly asdescribedin Section3, except
that the synthesisinventory is augmentedwith the splice file
segmentsfrom the splicefiles usedto constructthe synthesis
phonesequence,and that thesesegmentsalwaysmake it into
thed.p.array. Theresultis that,in regionsfar from boundaries,
thesyntheticspeechis producedalmostexactly asit wasin the
splicefile recordings.At boundariesbetweensplicefiles how-
ever, thesystemautomaticallysplicesin segmentsfrom appro-
priatecontexts from thecoresynthesiserensuringspectraland
prosodiccontinuityat thejoin. At variablesthesystemswitches
seamlesslyfrom splicefile speechto coresystemspeechand
backagain,againensuringspectralandprosodiccontinuity.

5. Results

Althoughsynthesisdatasetsfor acompletelynew languagehave
beenpreparedin aslittle asoneweek,it typically takesa few
monthsof work to get good performance;recordingenviron-
mentsandequipmentneedto beobtained,pronunciationsused
during trainingoftenneedto becorrectedby hand,andinvari-
ably other minor problemsariseor mistakes are made. Sub-
sequentvoicesin the samelanguagehowever cantypically be
built in 3 or 4 daysfrom thecommencementof recording.To
date,a total of over 70 voiceshave beenbuilt in at least10 dif-
ferentlanguages.USEnglish,UK English,FrenchandGerman
systemswill bedemonstratedat this workshop.

Theruntimeengineis multi-threadedandsharesdatasetin-
formationbetweenthreadssynthesisingthesamevoice. Mem-
ory usageis approximately40MB per voice at an 8kHz sam-
pling ratefor compressedsystems.Uncompressedsystemshave
animagesizeof approximately90MB, but run34%fasterthan
compressedsystems. At the time of writing absolutesystem
speedis still underreview.

Figure 1 shows a widebandspectrogramof the sentence
fragment“...the IBM...” taken from thesentence“Welcometo
the IBM ResearchText-to-Speechdemonstrationpage.” syn-
thesisedin a femalevoiceat an11kHzsamplingrate.Thever-
tical lines show the stateboundariesand the “chk” labelsthe
boundariesof the chunksof speechconcatenatedto construct
the speech. In typical synthesisconcatenationoccurson ap-
proximately70%of stateboundaries.



Figure1: Widebandspectrogramof the sentencefragment“...the IBM...” synthesisedin a femalevoice at an 11kHz samplingrate.
Stateboundaries(verticallines)andconcatenationboundaries(chk labels)areshown.

Phrasesplicingsystemshavebeenbuilt in anumberof lan-
guagesfor numerousvoicesin severaldifferentdomains.In US
Englishdomainshave includedmutual fund trading,financial
news, andairline reservations. A demonstrationof part of the
mutualfund tradingsystemis availableby calling +1 972402
5963andsaying“mutual fund”.

6. Conclusion

TheIBM TrainableSpeechSynthesiserisastate-of-the-artunit-
selectionbasedconcatenative speechsynthesiser. It enables
bothhigh quality generaldomainText-to-Speechsynthesisand
very high quality limited domainsynthesisto be performedin
multiple languages.New voicescan be built in existing lan-
guagesin 3 or 4 days.
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