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ABSTRACT

This paper describesan HMM-based speechsynthesissystem
(HTS),in whichspeechwaveformis generatedfrom HMMs them-
selves,andappliesit to Englishspeechsynthesisusingthegeneral
speechsynthesisarchitectureof Festival. Similarly to otherdata-
drivenspeechsynthesisapproaches,HTS hasa compact language
dependent module:a list of contextual factors.Thus,it couldeas-
ily beextended to otherlanguages,thoughthefirst versionof HTS
wasimplemented for Japanese.The resultingrun-timeengineof
HTShastheadvantageof beingsmall: lessthan1 M bytes,exclud-
ing text analysispart. Furthermore,HTS caneasilychangevoice
characteristicsof synthesizedspeechby usingaspeakeradaptation
techniquedeveloped for speechrecognition.Therelationbetween
the HMM-basedapproach andotherunit selectionapproachesis
alsodiscussed.

1. INTRODUCTION

Althoughmany speechsynthesissystemscansynthesizehighqual-
ity speech,they still cannotsynthesizespeechwith variousvoice
characteristicssuchasspeakerindividualities,speakingstyles,emo-
tions,etc.To obtainvariousvoicecharacteristicsin speechsynthe-
sissystemsbasedon theselectionandconcatenationof acoustical
units, a large amountof speechdatais necessary. However, it is
difficult to collect storesuchspeechdata. In order to construct
speechsynthesissystemswhichcangeneratevariousvoicecharac-
teristics,theHMM-basedspeechsynthesissystem(HTS) [1] was
proposed.

Figure1 showsthesystemoverview. In thetrainingpart,spec-
trumandexcitation parametersareextractedfrom speechdatabase
andmodeledby context dependentHMMs. In thesynthesispart,
context dependent HMMs areconcatenatedaccordingto the text
to be synthesized.Thenspectrumandexcitation parametersare
generatedfrom the HMM by using a speechparametergenera-
tion algorithm[2]. Finally, the excitation generationmoduleand
synthesisfilter modulesynthesizespeechwaveformusingthegen-
eratedexcitation andspectrumparameters.The attractionof this
approachis in thatvoicecharacteristicsof synthesizedspeechcan
easilybe changedby transformingHMM parameters.In fact, it
is shown that we canchange voice characteristicsof synthesized
speechby applyinga speaker adaptation technique[3], a speaker
interpolationtechnique[4], or aneigenvoicetechnique[5].

In this paper, we appliesHTS to Englishspeechsynthesisus-
ing the generalspeechsynthesisarchitectureFestival [6]. Simi-
larly to otherdata-drivenspeechsynthesisapproaches,HTS hasa
�
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Fig. 1. HMM-basedspeechsynthesissystem.

compactlanguagedependent module:a list of contextual factors,
whichcanbeextractedthroughFestival (they arecalled“features”
in Festival framework). Thus,HTS could easilybe extendedto
otherlanguages,thoughthefirst versionof HTSwasimplemented
for Japanese.The resultingrun-timecoreengineof HTS hasthe
advantageof beingsmall: lessthan1 M bytes,excludingtext anal-
ysispart,andrunstentimesfasterthanrealtimeonaP4machine.

Therestof this paperis organizedasfollows. Section2 sum-
marizesthepreviouslyproposedHMM-basedspeechsynthesissys-
tem (HTS). Section3 describesthe language-dependentpart of
HTS and specificationsof the resultingrun-time engine,which
was trainedby usingFestival architectureandpluggedinto Fes-
tival. The relationbetweenHTS andotherunit selectionspeech
synthesisapproaches is discussedin Section4, and concluding
remarksandour plansfor future work arepresentedin the final
section.

2. HMM-BASED SPEECH SYNTHESIS SYSTEM

2.1. Training Part

In HTS, outputvectorof HMM consistsof spectrumpartandex-
citation part. In this work, the spectrumpart consistsof mel-
cepstralcoefficient vector including the zerothcoefficients, their



deltaanddelta-deltacoefficients. On the otherhand,the excita-
tion partconsistsof log fundamentalfrequency (log �
	 ), its delta
anddelta-deltacoefficients.HMMs havestatedurationdensitiesto
modelthe temporalstructureof speech.As a result,HTS models
not only spectrumparameterbut also ��� anddurationin a uni-
fied framework of HMM. It is notedthat it doesnot requirelabel
boundariesfor training when an appropriateinitial HMM set is
availablebecauseall parametersof HMMs aredeterminedauto-
maticallythroughtheembedded trainingof HMMs.

Spectrum modeling

To controlthesynthesisfilter by HMM, its systemfunctionshould
be definedby the outputvectorof HMM, i.e., mel-cepstralcoef-
ficients. Thuswe usea mel-cepstralanalysistechnique[7] which
enablesspeechto bere-synthesizeddirectly from themel-cepstral
coefficientsusingtheMLSA (Mel Log SpectrumApproximation)
filter [7]1.

�
	 modeling

Theobservationsequenceof fundamental frequency (�
	 ) is com-
posedof one-dimensionalcontinuousvaluesanddiscretesymbol
which represents“unvoiced”. Thereforetheconventional discrete
or continuousHMMs cannot beappliedto �
	 patternmodeling.
To model suchobservation sequences, we have proposeda new
kindof HMM basedonmulti-spaceprobabilitydistribution(MSD-
HMM) [9]. TheMSD-HMM includesdiscreteHMM andcontin-
uousmixture HMM as specialcases,and further canmodel the
sequenceof observation vectorswith variabledimensionalityin-
cludingzero-dimensional observations,i.e., discretesymbols.As
a result,MSD-HMM canmodel �
	 patternswithout heuristicas-
sumption.

Duration modeling

Statedurationsof eachHMM aremodeledby amultivariateGaus-
siandistribution[10]. Thedimensionalityof statedurationdensity
of anHMM is equalto thenumberof statesin theHMM, andthe -th dimensionof statedurationdensitiesis correspondingto the -th stateof HMMs 2.

Decision-tree based context clustering

Thereare many contextual factors(e.g., phoneidentity factors,
stress-relatedfactors,locationalfactors)that affect spectrum,�
	
patternand duration. To capturetheseeffects, we usecontext-
dependent HMMs. However, ascontextual factorsincrease,their
combinationsalso increaseexponentially. Therefore,model pa-
rameterscannotbeestimatedaccurately with limited trainingdata.
Furthermore,it is impossibleto preparespeechdatabasewhich in-
cludesall combinationsof contextual factors. To overcomethis
problem,a decision-treebasedcontext clusteringtechnique[11,
12] is appliedto distributionsfor spectrum,�
	 andstateduration
in thesamemannerasHMM-basedspeechrecognition.

Thedecision-treebasedcontext clusteringalgorithmhavebeen
extendedfor MSD-HMMs in [13]. Sinceeachof spectrum,�
	
and durationhasits own influential contextual factors,they are
clusteredindependently (Fig.2). Statedurationsof eachHMM
aremodeledby a  -dimensionalGaussian,andcontext-dependent -dimensionalGaussiansare clusteredby a decisiontree. Note
thatspectrumpartand �
	 partof stateoutputvectoraremodeled

1Thesourcecodesof themel-cepstrumbasedvocodingtechniquecan
befoundin SpeechSignalProcessingToolkit (SPTK)[8].

2In HTS, left-to-rightmodelwith noskip is used.
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Fig. 2. Decisiontreesfor context clustering.

by multivariateGaussiandistributionsandmulti-spaceprobability
distributions,respectively.

Software

Thetrainingpartof HTS wasimplementedasa modifiedversion
of HTK [14] togetherwith SPTK [8]. Modificationswhich we
madeto HTK arelistedbelow:

1. Context clusteringbasedon MDL criterion (insteadof ML
one)

2. Stream-dependentcontext clustering

3. Multi-spaceprobabilitydistribution [9] asstateoutputproba-
bility

4. Statedurationmodeling

2.2. Synthesis part

In the synthesispart of HTS, first, an arbitrarily given text to be
synthesizedis convertedto a context-basedlabel sequence. Sec-
ond, accordingto the label sequence,a sentenceHMM is con-
structedby concatenating context dependentHMMs. Statedura-
tionsof thesentenceHMM aredeterminedsoasto maximizethe
outputprobabilityof statedurations[10], andthena sequenceof
mel-cepstralcoefficientsand �������
	 valuesincludingvoiced/ un-
voiceddecisionsis determinedin suchawaythatits outputproba-
bility for theHMM is maximizedusingthespeechparameter gen-
erationalgorithm(Case1 in [2]). Themain featureof thesystem
is theuseof dynamicfeature:by inclusionof dynamiccoefficients
in the featurevector, thespeechparametersequencegeneratedin
synthesisis constrainedto berealistic,asdefinedby thestatistical
parametersof theHMMs. Finally, speechwaveformis synthesized
directlyfrom thegeneratedmel-cepstralcoefficientsand��	 values
by usingtheMLSA filter. Althougha mixedexcitationtechnique
for HTS wasdeveloped in [15], the traditionalexcitation model
wasusedin thiswork.

3. HTS IMPLEMENTATION ON FESTIVAL
ARCHITECTURE

We used524 sentencesfrom CMU Communicatordatabase3 for
training. Speechsignalwassampledat 16 kHz, windowed by a

3It canbefoundathttp: //fest vox.or g/dbs/ dbs com.ht ml .



Table 1. Binaryfile sizeof HTS run-timeengine.

module size

spectrum 102kbyte
decisiontree �
	 156kbyte

duration 116kbyte
spectrum 457kbyte

distribution �
	 81kbyte
duration 39kbyte

converter 3 kbyte
synthesizer 34kbyte

total 988kbyte

25-msBlackmanwindow with a 5-msshift, andthenmel-cepstral
coefficientswereobtainedby themel-cepstralanalysistechnique.
We used5-stateleft-to-right HMMs with single diagonalGaus-
sianoutputdistributions.Notethateachcontext dependentHMM
correspondsto aphoneme-sizedspeechunit.

In this work, the following contextual factorsare taken into
accountfor English:� phoneme:

- � preceding,current,succeeding� phoneme
- positionof currentphonemein currentsyllable� syllable:

- numberof phonemesat � preceding,current,succeeding� syllable
- accentof � preceding,current,succeeding� syllable
- stressof � preceding,current,succeeding� syllable
- positionof currentsyllablein currentword
- numberof � preceding,succeeding� stressedsyllablesin current

phrase
- numberof � preceding,succeeding� accentedsyllablesin current

phrase
- numberof syllables� from previous,to next � stressedsyllable
- numberof syllables� from previous,to next � accentedsyllable
- vowel within currentsyllable� word:
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Fig. 3. Unit selectionscheme.

- guessatpartof speechof � preceding,current,succeeding� word
- numberof syllablesin � preceding,current,succeeding� word
- positionof currentword in currentphrase
- numberof � preceding,succeeding� contentwordsin currentphrase
- numberof words � from previous,to next � contentword� phrase:

- numberof syllablesin � preceding,current,succeeding� phrase
- positionin majorphrase
- ToBI endtoneof currentphrase� utterance:

- numberof syllablesin currentutterance

Thesefactorsareextracted from utterancesusingfeatureex-
tractionfunctionsof Festival speechsynthesissystem.

Thewholesystemwastrainedin afew hours,andtheresultant
treesfor spectrummodels,�
	 modelsandstatedurationmodels
had781,1733and1018leaves in total, respectively. Therun-time
coreengineconsistsof 8 modules,decisiontreesfor spectrum,�
	
andduration,distributionsof spectrum,�
	 andduration,a con-
verter which converts featuresextractedby Festival into a con-
text dependent labelsequence,anda synthesizerwhich generates
waveform for given label sequence.The binary file sizeof each
moduleis shown in Table1. Without specificefforts to compress
the file size,it is alreadysmall enoughfor small devicessuchas
PDAs. It was also confirmedthat the core engineof HTS runs
abouttentimesfasterthanrealtimeonaP4machine.

By listeningsynthesizedspeechsamplesat

http: //kt-l ab.ics .nitec h.ac.j p/˜ze n/soun d/

it could be confirmedthat the prosodyis fairly natural. HTS
couldbeusedalsofor a prosodypredictorin unit selectionbased
speechsynthesissystems.

4. DISCUSSION

Figure 3 shows the widely-usedunit selectionscheme[16]. In
the unit selectionscheme,by using the target cost and the con-
catenationcost,speechunits areselectedfrom the whole speech
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Fig. 4. Clustering-basedunit selectionscheme.



database,andconcatenatedin run-time. In this scheme,we have
to definea heuristicdistancebetweencontexts to measurethetar-
getcost.To avoid this,a clustering-basedschemewasalsodevel-
oped[17]. This approachclusterscontexts in advance,andselects
eachunit from acluster. To clusterspeechunits,somesystemsuse
theHMM-basedclusteringtechnique,e.g.,[18], [19]. In thiscase,
the structureis very similar to the HTS approach.The essential
differencebetweenthe HMM-basedunit selectionapproachand
the HTS approachis in that eachclusteris representedby multi-
templateor statisticsof thecluster. It is notedthat theconcatena-
tion costcorrespondsto theoutputprobabilityof dynamicfeature
parameterin theHTS approach.

Table2 comparesthesetwo approaches. In theunit selection
approach,the generated speechhasa high quality at waveform
level,especiallyin limiteddomainspeechsynthesisbecauseit con-
catenates speechwaveformsdirectly. Althoughunit selectionap-
proachsometimesgivesexcellentresults,it sometimesgivesvery
badonestoo. On the otherhand,in the HTS approach,it hasa
quality of “vocodedspeech”but soundssmoothandstable. Fur-
thermore,it hastheadvantages of beingsmallandmakingit pos-
sible to change voicecharacteristicseasilyby applyinga speaker
adaptationtechniqueusedin speechrecognition.In summary, each
approachhasits own advantagesanddisadvantages.

5. CONCLUSION

We have appliedan HMM-basedspeechsynthesissystem(HTS)
to EnglishspeechsynthesisusingFestival framework. Theresult-
ing run-timeengineof HTS is very small: lessthan1 M bytes.
Furthermore,HTS caneasilychangevoicecharacteristicsof syn-
thesizedspeechby usingaspeakeradaptationtechniquedeveloped
for speechrecognition.Althoughsynthesizedspeechhasa typical
quality of “vocoded speech,” it hasbeenshown in [15] that the
mixed excitation model basedon MELP speechcoder[20] and
postfilteringcanimprove thespeechquality significantly.

In thenearfuture,thesuiteof programs,scriptsanddocumen-
tation for training HMMs for HTS run-timeengineandrun-time
pluginmodulefor Festival will bereleasedasa freesoftware.
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