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ABSTRACT

This paper describesan HMM-based speechsynthesissystem
(HTS),in which speectwaveformis generatedrom HMMs them-
seles,andappliesit to Englishspeectsynthesisisingthegeneral
speectsynthesisarchitectureof Festval. Similarly to otherdata-
drivenspeechsynthesisapproache, HTS hasa compat language
dependat module:alist of contextud factors.Thus,it couldeas-
ily beextendel to otherlanguagesthoughthefirst versionof HTS
wasimplemente for JapaneseThe resultingrun-time engineof
HTShastheadwantageof beingsmall: lessthanl M bytes exclud-
ing text analysispart. FurthermoreHTS caneasilychangevoice
charactésticsof synthesizedpeechtby usingaspealeradaptation
techniquedevelopel for speectrecognition.Therelationbetween
the HMM-basedapproab and other unit selectionapproachess
alsodiscussed.

1. INTRODUCTION

Althoughmary speeclsynthesisystemsansynthesizdighqual-
ity speechthey still cannotsynthesizespeechwith variousvoice
charactesticssuchasspealerindividualities,speakingstyles,emo-
tions,etc. To obtainvariousvoicecharactésticsin speectsynthe-
sissystemdasen the selectionandconcateation of acoustical
units, a large amountof speechdatais necessaryHowever, it is
difficult to collect storesuchspeechdata. In orderto construct
speeclsynthesisystemavhichcangenerateariousvoicecharac-
teristics,the HMM-basedspeectsynthesisystem(HTS) [1] was
proposed.

Figurel shavsthesystenmoverview. In thetrainingpart,spec-
trum andexcitation parameterareextractedfrom speectdatabase
andmodeledby context dependenHMMSs. In the synthesigart,
context dependet HMMs are concateatedaccordingto the text
to be synthesized.Then spectrumand excitation parametersre
generatedrom the HMM by using a speechparametemgenera-
tion algorithm[2]. Finally, the excitation generatiormoduleand
synthesidilter modulesynthesizespeectwaveformusingthegen-
eratedexcitation and spectrumparametersThe attractionof this
approachs in thatvoice characteistics of synthesizedpeecttan
easily be changedby transformingHMM parameters.In fact, it
is shavn thatwe canchang voice characteristicef synthesized
speechby applyinga spealer adaptsion technique[3], a spealer
interpolationtechniqud4], or aneigervoicetechniqugb].

In this paper we appliesHTS to Englishspeectsynthesisus-
ing the generalspeechsynthesisarchitectureFestval [6]. Simi-
larly to otherdata-drven speechsynthesisapproates,HTS hasa
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Fig. 1. HMM-basedspeectsynthesisystem.

compactanguagedependat module: alist of contetud factors,
which canbeextractedthroughFestval (they arecalled“features”
in Festval framevork). Thus, HTS could easily be extendedto
otherlanguagesthoughthefirst versionof HTS wasimplemented
for JapaneseThe resultingrun-time coreengineof HTS hasthe
adwantageof beingsmall: lessthanl M bytes,excludingtext anal-
ysispart,andrunstentimesfasterthanrealtime on aP4machine.

Therestof this paperis organizedasfollows. Section2 sum-
marizeghepreviously proposedHMM-basedspeectsynthesisys-
tem (HTS). Section3 describesthe language-deendentpart of
HTS and specificationsof the resulting run-time engine, which
was trainedby using Festival architectureand pluggedinto Fes-
tival. TherelationbetweenHTS and other unit selectionspeech
synthesisapproachks is discussedn Section4, and concluding
remarksand our plansfor future work are presentedn the final
section.

2. HMM-BASED SPEECH SYNTHESISSYSTEM

2.1. Training Part

In HTS, outputvectorof HMM consistsof spectrunmpartandex-
citation part. In this work, the spectrumpart consistsof mel-
cepstralcoeficient vectorincluding the zerothcoeficients, their



deltaand delta-deltacoeficients. On the otherhand,the excita-
tion partconsistof log fundamentafrequeny (log Fp), its delta
anddelta-deltacoeficients. HMMs have statedurationdensitiego
modelthe temporalstructureof speech.As aresult,HTS models
not only spectrumparametetbut also F'0 and durationin a uni-
fied framevork of HMM. It is notedthatit doesnot requirelabel
boundariedor training when an appropriateinitial HMM setis
available becaiseall parameter®f HMMs are determinedauto-
maticallythroughtheembeddd trainingof HMMs.

Spectrum modeling

To controlthesynthesidilter by HMM, its systenfunctionshould

be definedby the outputvectorof HMM, i.e., mel-cepstratoef-

ficients. Thuswe usea mel-cepstraknalysistechniqud7] which

enablespeecho bere-synthesizedirectly from themel-cepstral
coeficielntsusingthe MLSA (Mel Log SpectrumApproximation)

filter [7]".

Fb modeling

The obsenationsequencef fundamenthfrequeng (Fy) is com-
posedof one-dimensionatontinuousvaluesanddiscretesymbol
which representSunvoiced”. Thereforethe corventiona discrete
or continuousHMMs cannot be appliedto Fy patternmodeling.
To model suchobsenation sequencg we have proposeda new

kind of HMM basednmulti-spaceprobabilitydistribution (MSD-

HMM) [9]. TheMSD-HMM includesdiscreteHMM andcontin-
uousmixture HMM as specialcasesand further can model the
sequencef obsenation vectorswith variabledimensionalityin-

cluding zero-dimensioriaobsenations,i.e., discretesymbols. As

aresult, MSD-HMM canmodel F, patternswithout heuristicas-
sumption.

Duration modeling

Statedurationsof eachHMM aremodeledby a multivariateGaus-
siandistribution [10]. Thedimensionalityof statedurationdensity
of anHMM is equalto the numberof statesn the HMM, andthe
n-th dimensionof statedurationdensitiess correspondingdo the
n-th stateof HMMs 2.

Decision-tree based context clustering

Thereare mary contetud factors(e.g., phoneidentity factors,
stressrelatedfactors,locationalfactors)that affect spectrum,Fy
patternand duration. To capturetheseeffects, we use context-
dependet HMMs. However, ascontetual factorsincreasetheir
combinationsalso increaseexponentially. Therefore,model pa-
rametercannotbeestimatediccuratéy with limited trainingdata.
Furthermoreit isimpossibleto preparespeectdatabas&vhichin-
cludesall combinationsof contextud factors. To overcomethis
problem, a decision-treebasedcontet clusteringtechnique[11,
12] is appliedto distributionsfor spectrum Fy andstateduration
in thesamemannerasHMM-basedspeectrecognition.
Thedecision-tredasedontet clusteringalgorithmhave been
extendedfor MSD-HMMs in [13]. Sinceeachof spectrum,Fj
and durationhasits own influential contextual factors,they are
clusteredindepenéntly (Fig.2). Statedurationsof eachHMM
aremodeledby an-dimensionalGaussianandcontet-dependent
n-dimensionalGaussianare clusteredby a decisiontree. Note
thatspectrumpartand Fy partof stateoutputvectoraremodeled

1The sourcecodesof the mel-cepstrunbasedvocodingtechniquecan
befoundin SpeectSignalProcessingoolkit (SPTK)[8].
2|n HTS, left-to-right modelwith no skip is used.
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by multivariateGaussiaristributionsandmulti-spaceprobability
distributions,respectrely.

Software

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

1. Contet clusteringbasedon MDL criterion (insteadof ML
one)

2. Stream-depedentcontext clustering

3. Multi-spaceprobability distribution [9] asstateoutputproba-
bility
4. Statedurationmodeling

2.2. Synthesispart

In the synthesigpart of HTS, first, an arbitrarily given text to be
synthesizeds corvertedto a context-basedabel sequence Sec-
ond, accordingto the label sequencea sentenceHMM is con-
structedby concateating context dependenHMMSs. Statedura-
tions of the sentencéHMM aredeterminedso asto maximizethe
outputprobability of statedurations[10], andthena sequencef
mel-cepstratoeficientsandlog F;, valuesincluding voiced/ un-
voiceddecisionds determinedn suchaway thatits outputproba-
bility for theHMM is maximizedusingthe speectparametegen-
erationalgorithm(Casel in [2]). The mainfeatureof the system
is theuseof dynamicfeature:by inclusionof dynamiccoeficients
in the featurevector, the speechparametesequencgeneratedn
synthesids constrainedo berealistic,asdefinedby the statistical
parametersf theHMMs. Finally, speeclwaveformis synthesized
directlyfrom thegeneratednel-cepstratoeficientsand F values
by usingthe MLSA filter. Althougha mixed excitationtechnique
for HTS was developal in [15], the traditional excitation model
wasusedin thiswork.

3. HTSIMPLEMENTATION ON FESTIVAL
ARCHITECTURE

We used524 sentencerom CMU Communicatordatabasefor
training. Speectsignalwassampledat 16 kHz, windowed by a

3|t canbefoundathttp: //fest vox.or g/dbs/ dbs_com.ht ml.



Table 1. Binaryfile sizeof HTS run-timeengine.

module | size
spectrum|| 102kbyte
decisiontree Fo 156kbyte
duration || 116kbyte
spectrum|| 457kbyte
distribution Fy 81kbyte
duration 39kbyte
corverter 3 kbyte
synthesizer 34 kbyte
total | 988kbyte

25-msBlackmanwindow with a 5-msshift, andthenmel-cepstral
coeficientswereobtainedby the mel-cepstrabnalysistechnique.
We used5-stateleft-to-right HMMs with single diagonalGaus-
sianoutputdistributions. Note thateachcontet deperientHMM
correspond$o a phoneme-sizedpeectunit.
In this work, the following contextual factorsare taken into
accounftfor English:
e phoneme:
- {precedingcurrent,succeeding phoneme
- positionof currentphonemen currentsyllable
e syllable:
- numberof phonemesit { precedingcurrent,succeeding syllable
- accenbf {precedinggcurrent,succeeding syllable
- stresof {precedingcurrent,succeeding syllable
- positionof currentsyllablein currentword

- numberof {preceding,succeeding stresed syllablesin current
phrase

numberof {preceding,succeeding accentedsyllablesin current
phrase

- numberof syllables{from previous,to next} stresedsyllable
- numberof syllables{from previous,to next} accentedyllable
- vowel within currentsyllable

e word:
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B

-
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Fig. 3. Unit selectionscheme.

- guessatpartof speechof {precedinggcurrent,succeeding word
- numberof syllablesin {precedinggcurrent,succeeding word
- positionof currentwordin currentphrase
- numberf {precedingsucceeding contentvordsin currentphrase
- numberof words{from previous,to next} contentword

e phrase:
- numberof syllablesin {precedinggcurrent,succeeding phrase
- positionin majorphrase
- ToBI endtoneof currentphrase

e utterance:
- numberof syllablesin currentutterance

Thesefactorsare extractal from utterancesising featureex-
tractionfunctionsof Festival speectsynthesisystem.

Thewholesystemwastrainedin afew hours,andtheresultant
treesfor spectrummodels, F; modelsand statedurationmodels
had781,1733and1018leaves in total, respectiely. Therun-time
coreengineconsistf 8 modulesdecisiontreesfor spectrum Fy
and duration, distributions of spectrum,Fy and duration,a con-
verter which converts featuresextractedby Festval into a con-
text dependat label sequenceanda synthesizewhich generate
waveform for given label sequence.The binary file size of each
moduleis shavn in Table1. Without specificefforts to compress
thefile size,it is alreadysmall enoughfor small devicessuchas
PDAs. It wasalsoconfirmedthat the core engineof HTS runs
abouttentimesfasterthanrealtime ona P4machine.

By listeningsynthesizedpeectsamplest

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

it could be confirmedthatthe prosodyis fairly natural. HTS
couldbe usedalsofor a prosodypredictorin unit selectionbased
speeclsynthesisystems.

4. DISCUSSION

Figure 3 shavs the widely-usedunit selectionscheme[16]. In
the unit selectionscheme by using the target costand the con-
catenatiorcost, speechunits are selectedrom the whole speech

U YU

—— Target cost
—— Concatenation cost

Fig. 4. Clustering-basednit selectionscheme.



databaseandconcateatedin run-time. In this schemewe have
to definea heuristicdistancebetweercontects to measureahetar
getcost. To avoid this, a clustering-basedchemewvasalsodevel-
oped[17]. This approacttlusterscontets in advane, andselects
eachunit from acluster To clusterspeechunits,somesystemaise
theHMM-basedclusteringtechniqueg.g.,[18], [19]. In thiscase,
the structureis very similar to the HTS approach. The essential
differencebetweenthe HMM-basedunit selectionapproachand
the HTS approacthis in thateachclusteris representetby multi-
templateor statisticsof the cluster It is notedthatthe concaena-
tion costcorrespondso the outputprobability of dynamicfeature
parametem the HTS approach.

Table2 compareghesetwo approacks. In the unit selection
approachthe generatd speechhasa high quality at waveform
level, especiallyin limited domainspeectsynthesidecausé con-
catenate speechwaveformsdirectly. Although unit selectionap-
proachsometimegivesexcellentresults,it sometimegyivesvery
badonestoo. On the otherhand,in the HTS approachjt hasa
quality of “vocodedspeech”but soundssmoothandstable. Fur-
thermorejt hasthe advantags of beingsmallandmakingit pos-
sibleto chang voice characteistics easilyby applyinga spealer
adaptatioriechniquaisedn speechrecognition.ln summaryeach
approachhasits own advantags anddisadwantages.

5. CONCLUSION

We have appliedan HMM-basedspeechsynthesisystem(HTS)
to EnglishspeectsynthesisisingFestival framewvork. Theresult-
ing run-time engineof HTS is very small: lessthan1 M bytes.
FurthermoreHTS caneasilychangevoice characteistics of syn-
thesizedspeectby usingaspealeradaptationechniquedeveloped
for speectrecognition.Although synthesizedpeectasatypical
quality of “vocodeal speech, it hasbeenshaowvn in [15] that the
mixed excitation model basedon MELP speechcoder[20] and
postfilteringcanimprove the speechyuality significantly

In thenearfuture,thesuiteof programsscriptsanddocumen-
tation for training HMMs for HTS run-time engineandrun-time
plugin modulefor Festival will bereleasedsa free software.

6. ACKNOWLEDGEMENTS

This work was partially supportedby InternationalCommunica-
tions Foundation. Authorswould like to thankmembersof HTS
working groupincluding Dr. TakayoshiYoshimurafor their soft-
waredevelopment efforts.

7. REFERENCES

[1] T.YoshimuraK. Tokuda,T. Masulo, T. KobayashandT. Kitamura,
“SimultaneousModeling of SpectrumPitchandDurationin HMM-
BasedSpeectSynthesis Proc.of EUROSPEECHYo0L.5, pp.2347—
2350,1999.

[2] K. Tokuda,T. Yoshimura,T. Masulo, T. KobayashandT. Kitamura,
“Speechparametergenerationalgorithmsfor HMM-based speech
synthesi$, Proc.of ICASSP2000,vol.3, pp.13154318,June2000.

[3] M. Tamura,T. Masulo, K. Tokuda, T. Kobayashi,“Adaptationof
pitch andspectrunfor HMM-basedspeecltsynthesisusingMLLR,”
procof ICASSP2001,vol.1, pp.1-1,May 2001.

[4] T.YoshimuraK. Tokuda,T. Masulo, T. KobayashandT. Kitamura,
“Spealer Interpolationin HMM-Based SpeechSynthesisSystent,
Proc.of EUROSPEECHYyol.5, pp.2523-826,1997.

Table 2. Relation betweenunit selectionand generatia ap-
proaches.

Unit selection

HTS

Clustering Clustering(useof HMM)
(possibleuseof HMM)
Multi-template Statistics
Singletree Multiple tree
(Spectrumf0, duration)
Advantage: Disadwantage:
e High quality e Vocodel speech
atwaveformlevel (buzzy)
Disadwantage Advartage:
o Discontinuity e Smooth
e Hit or miss e Stable
e Largerun-timedata e Smallrun-timedata
e Fixedvoice e Variousvoices

[5] K. Shichiri, A. Sawabe, K. Tokuda, T. Masulo, T. Kobayashi,T.
Kitamura,“Eigervoicesfor HMM-based speectsynthesi$ Proc.of
EUROSPEECH2002.

[6] A. W.Black, P. Taylor andR. Caley, “The Festival SpeectSythesis
Systent, http:/  /www.f estvox .org/ festiv all .

[7] T. Fukada,K. Tokuda,T. Kobayashiand S. Imai, “An adaptve al-
gorithm for mel-cepstrhanalysisof speecH, Proc.of ICASSP’'92,
vol.1,pp.137-18,1992.

[8] http:/ /kt-la b.ics .nitec h.acj p/tok uda/SP TK/ .

[9] K. Tokuda, T. Masulo, N. Miyazaki and T. Kobayashi,“Hidden
Markov Models Basedon Multi-SpaceProbability Distribution for
Pitch PatternModeling; Proc.of ICASSP,1999.

[10] T. Yoshimura,K. Tokuda, T. Masulo, T. Kobayashiand T. Kita-
mura, “Duration Modeling in HMM-based SpeechSynthesisSys-
tem; Proc.of ICSLR vol.2, pp.29-321998.

[11] J.J.Odell,“The Useof Context in Large Vocahlulary SpeechRecog-
nition,” PhD dissertationCambridgeUniversity, 1995.

[12] K. Shinodaand T. Watanabe,;MDL-based contet-dependensub-
word modeling for speechrecognitior’, J. Acoust. Soc. Jpn.(E),
vol.21,n0.2,pp.79-862000.

[13] T. Yoshimura,“Simultaneousmodeling of phoneticand prosodic
parametersand characterist conversionfor HMM-based Text-To-
Speeclsystens” PhD dissertabn, Nagoya Institute of Technology
2002.

[14] http:/ /htk.e ng.ca m.ac.u k/ .

[15] T.YoshimuraK. Tokuda,T. Masulo, T. KobayashandT. Kitamura,
“Mix ed Excitationfor HMM-basedSpeectBynthesi$ Proc.of EU-
ROSPEECH\yo0l.3, pp.2263-226, Sep.2001.

[16] A. W. Black andN. Campbell,“Optimising selectionof units from
speectdatabasefor concatenatie synthesis, Proc. EUROSPEECH,
pp.581-584Sep1995.

[17] A. W. Black P. Taylor, “Automaticdly clusterhg similar units for
unit selectionin speechsynthesis, Proc. EUROSPEECH pp.601—
604,Sepl997.

[18] X. Huang, A. Acero, H. Hon, Y. Ju, J. Liu, S. Meredith and M.
Plumpe, “Recent improvementson Microsoft’s trainable text-to-
speechsystemWhistler” Proc.ICASSP,pp.959-9621997.

[19] R.E.DonovanandE. M. Eide,“The IBM TrainableSpeeciSynthe-
sisSystent, Proc.of ICSLR vol.5, pp.1703-176, 1998.

[20] A. V. McCree,T. P. Barnwelllll, “A mixed excitation LPC vocoder
modelfor low bit ratespeecltoding; IEEE Trans.SpeectandAudio
Processingyol.3, no.4,pp.242-250)uly 1995.



