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Abstract - Thispaperpresents Brazilian Portuguese
TTSbasedon HMMs, which usesmel-cepstal coeficients
as parametes of speeb. We implementedan algorithm
which performsa phoneme-baselanscriptionto the Por-
tuguesespolen in Rio de Janeiro. For a giventext to be
synthesizedjfterthephonemeranscription,staticfeatures
are extractedfroma sentencéiMM, genemtedby concate-
nating HMMs sub-wod units. An algorithm for choosing
the bestsetof thosespeeb units wasalso developed.Sub-
jectivetestsshowthat the proposedl TSgivesbetterresults
thana PSOLAbasedon syllabic units, with the advantaye
of easyspealer adaptation.

1. INTRODUCTION

A Text-to-Speecl{TTS) synthesizeis a systemthatshould
be ableto readary desiredtext with somedegreeof intel-
igibility .

The hiddenMarkov model (HMMs) is a probabilistic
conceptwhichis usedto characterizesequencesf patterns.
It hasbeenusedin stateof the art technologiedor speech
recognitionandsynthesisystemg1]. For instanceijt mod-
elssequencesf speechspectra.

In contrasto PSOLAs (PitchSynchronou®©verlapand
Add) approachfor example, with HMM-basedsynthesis
systemsit is feasibleto changevoice characteristicgo a
target spealer by changingspectralparameterof speech.
With only tenspolkensentencegsnHMM-basedsystencan
generatesynthesizedgpeectsimilarto ary spealer[2].

Inthiswork aBrazilianPortugues@ TSbhasecdnHMMs
is describedA highlevel descriptionof thewholesystenis
presented.Towardsa betterunderstandingf HMM-based
speechsynthesis the completeimplementationis divided
in two well-definedsections:the trainingandthe synthesis
part[3].

In thetraining part,the HMM modelscanbecreatedy
HTK toolkit [4] whenthefollowing itemsareavailable:

¢ A setof themostrepresentatie speechunits.

¢ Phonetidranscriptionof thedatabase.

filipe,

gil} @ps.ufrj.br

e A parametrisediatabase.

In the synthesigart, beforeusingSPTKtoolkit [5], the
databelov mustbeprovided:

e A sentencéiMM.
e Pitchinformation.

Thewayhow we obtainthosefiveitemizedfilesis shovn
throughthe sectionsalongthis paper

2. TTS BASED ON HMMS

HMMs have successfullybeenappliedin speechrecogni-
tion and synthesissystems. They are ableto characterize
pitch, durationandoverall spectranformation[6].

Thefirst stepin HMM-basedsynthesiss dataparametriza-
tion. Eachcontinuouswvaveform of the speecltdatabaseis
convertedto a setof equallyspacediiscrete-timeparameter
vectors. Besidesthe parametrizationa phonelevel tran-
scriptionof all thedatabasesentencess alsoneededo per
form theHMM training,asshovnin Figurel.

In this paperwe discusscontinuousHMMs. Eachstate
canbedefinedby ameanvector, a diagonalcovariancema-
trix anda transitionmatrix. Eachelementa; ; of this ma-
trix representshe probability of having ai to j statetran-
sition. The processof calculatingthosetriples (meansco-
variancematrix, transitionmatrix) for every unit is called
HMM training.

At this point speechparametervectorsare generated
from a sentencdHMM, wich is constructedy concatenat-
ing HMM units. Thusby usinga specificdigital filter for
thosecoeficients, speechcan be synthesized. Details of
theseoperationsarepresentedh the next section.

3. THE IMPLEMENTED HMM-B ASED
BRAZILIAN PORTUGUESETTS

3.1. The PhoneLevel Transcription

To startthe processof synthesizingspeecha context de-
pendentphonelevel transcriptionis neededj.e., the same
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Fig. 1. PhoneLevel transcription of a giventext.

Table 1. Our phonelist with exemples.

la/ falha /Al | ca’lice || /al avia™o
b/ bala /k/ | caseiro|| /d/ | dantesco
lel | aclive /E/ | he'lio /el | entediado
Il faca g/ galo /n/ hoje

fil | estudo || /j/ | gelaa n leite
/Ih/ alho /w/ | uniao || /m/ | melhor
/nh/ | ninho In/ | nosso || /ol | reslver
/o/ | homem| /O/ | o'timo || /p/ pato

Irl cao IR/ | caro || IR caga
vl cata /sl | sapato || /t/ tato

u/ logo iy um Wi voltar
IxI achar || /IX/ | ceasta 'l asma
1zl casa fail | aipim || /au/ aula
/ua/ | quando || /eil leite [Ei/ ide’ia
loi/ oito [Oil | heroi lou/ outro
/eu/ | meu /uil | muito

word canhave differentphonemetranscriptions.Using 85
Rio de JaneiroPortugueseules[7], aalgorithmwasimple-
mented.&ble 1 shavs our phoneset.

Figurel shovs anexampleof a context dependentran-
scription. Thetext entryis: "a quesfofoi”, which means
"the questionwas”. It is imporantto noticethatthereare
threesilencemodels: sil, Ip, sp. The sil modelis usedin
thebeginningandendingof sentenced-or thelong pauses,
suchascommasywe usethe Ip model,otherwise the short
pausemodel,sp, is used.

3.2. Unit choosingmethod

The choiceof the unit modelhasa fatulousimportanceon
improving the quality of synthesizedspeech. Our system
usedriphonesasthe mainspeechunits. Whensynthesizing
speech,one importantpart to cover is the co-articulation
betweenphonemeswords, or even phrases.However, in-
creasinghe unit model,by choosingwordsasspeechunits

Table 2. Table of units occurencesusing CETEM-
PUBLICOtext database.

CETEM Distinct Most FrequentlyUnits
PUBLICO Units 18 [ 2nd | 3
Monophones| 51 sp a i

18.1% | 9.04% | 8.43%

Diphones 2131 a-sp u-sp i-sp

3.68% | 3.29% | 2.91%
Triphones 44852 | sp-d+i | d-i+sp | a-w+sp
1.12%| 1.09% | 0.91%

Table 3. Table of units occurencesising our speechdata
base.

OURDATA || Distinct Most FrequentlyUnits
BASE Units 1t | ond ] 37
Monophones| 51 sp a i

15.78%| 9.14% | 8.42%

Diphones 612 a-sp u-sp i-sp
3.32% | 3.30% | 2.93%
Triphones 2159 sp-d+i | d-i+sp | a-w+sp
1.16% | 1.14% | 0.80%

for example,createsa problemof having a largeamountof
unseenunits,duringthe synthesigprocessBy choosingri-
phoneswe geta balancebetweenthe amountof unitsand
the co-articulatiorfeature.

An algorithmfor choosingthe bestsetof speechunits
was implemented. Initially, we obtaineda table(2) esti-
matingthe triphones,diphonesand monophonesnostfre-
quentlyusedin our language.To do this researclwe usea
Portugueseéatabasewhich hascloseto 900million words.
If thoseunits HMM are not well-trainedusing our speech
databasewe will notsucceean synthesizingpeech.

A reasonablamountof speectdatais necessaryo gen-
eratewell-trainedHMMs. Fortunately applyingthe tran-
scription algorithmto our speechdatabasewe found that
the mostcommonunits extractedfrom the Portugueséext
databasewerewell representeddble2 andtable 3 shav
partsof the text and speechdatabaseoccurencestespec-
tively. The bestunits chosenarethosewhich appeamore
thanaestablishedhresholdn our speectdatabase All the
triphoneghathadoneor two occurencesrenotconsidered
to be a good model and shouldbe betterto usediphones
andmonophonemodelsinstead.For thediphoneswe have
chosenall thatappearedt least6 timesin our speechdata
base. To synthesizeary text we have to useall database
monophones.The total phonemenumberis 51, including
silencemodels.



3.3. Data Preparation

Firstly, using the transcription. For a 16kHz speechdata
basewith 200 phoneticallybalancedunlabeledutterances.
Datafrom onespealeris used.Usingthetranscriptionsoft-
ware,all thesentencearetranscribed.

After thephoneleveltranscriptionfor eachutterancen
thespeecldatabasemel-cepstratoeficientsareobtained.
Mep Cepstralanalysig8] of speechwaveformsis provided
by SPTK. The signal is windowed by a 32msHamming
window with a 5msshift.

SpeectspectrumH (e?*) is characterizetdy M " order
mel-cepstratoeficientsc, (m) , asfollows:

M

H(z) =exp Z ca(m)z™™ 1)

m=0

undertheconstraint
-1

~—1 z -
= 1. 2
=% al < 2)

Thephasas modeledby the variablea. For a sampling
rate 16kHz, choosinga = 0.42 a goodaproximationto the
melfrequeng scaleis achieved.

H(z) canberewrittenas,

H(z) = K - D(2), K : const. (3)

Mel-cepstrakoeficientscanbe calculatedasfollows:

€= mmD(Z)E[e2 (n)] (4)

wheree(n) is the outputof theinversefilter ﬁ.
Oursystemworkswith 25 mel-cepstratoeficients,since
we setM=24 andthe 0*" coeficientis included.

3.4. HMMs training

In theHMM training part,[4] we usemel-cepstrastaticco-
efficentsto train the phonemeHMMs. All HMMs usedare
5-stateleft to right modelswith no skips. Eachstateof ev-
ery modelhasits own meanandvariance.At first, a global
meanand varianceis calculatedand setall the Gaussians
oneverymonophondiMM. After theBaum-Welchembed-
dedtrainingreestimatioralgorithm,thephonemerainingis
thenfinished.

Cloningthetrainedmonophones$iMM will producedi-

phonemodeldor everydistinctdiphonen thetrainingdatabase.

Thesemodelsarethenreestimatedy the embeddedrain-
ing. During this procedureall thediphoneghathave equal
centralphonemesvill sharethesametransitionmatrix. The
samecloning processs doneto producetriphonemodels.
The phonemetraining and the cloning procedureare pro-
videdby HTK toolkit.

Having all theHMMs trainediit is necessaryo prepare
the units modelsto the HMM sentence.An algorithmis
implementedto calculate,for eachtriphone,diphoneand

Training

Speech Data Base

Parameter Generation
Phonetic Transcription

!

HVM
Training

l

(State Duration Modelingj

Data Base HMMs

Fig. 2. The training part.

monophonemodel, the statedurationsd(j) of every state
j in a given unit model. This canbe doneby usingthe
expresion[9]:

, 1
sd(j) = 1>
JsJ

®)

whereq; ; representghetransitionmatrix element.

3.5. Parameter Generation
FromagivenHMM, )\, aspeectparametevectorsequence
is extracted[10] [9] [3].

O = o1, 02,03, ...,0T] (6)

In suchaway that

K T
logP[Q, 0[] = Z logpg, (dg,) + Z logey, i, (1)
t=1

k=1
1 1rr—1

5@ =T (0 -p)

3M

2

—log|U| — Tlog27r

is maximizedwhenthespeectparametevetorsequence
is equalto themeanvectorsj.e., O = i , where

s Mgr yir 7] (8)
U= [UQ1,i1 ) qu,iza vy UqT,iT a] (9)

andey i, fq,s, andUgy, i, arethe mixture weight, the
meanvector and the covariancematrix respectiely. K is
the total of statesthat have beenvisited during T frames

M= [uql,il’uq2,i2’ .-



Synthesis

Data Base HMMs

[HMIW Sentence Generationj

I

| Parameter Extraction |

MLSA
Synthesized Speech

Filter

Fig. 3. The synthesispart.

Output
>

Fig. 4. BasicFilter F(z).

'"p% o) F2) Fo) o)

AN %

( A A A A4X7
|

Fig. 5. R1(-F(2)) = 5l L =4.

Output

andpy, (d,, ) is the probability of consecutresobsenations
generatedh stateg,. M representtheorderof mel-cepstral
coeficients.

3.6. MLSA Filter

The MLSA (Mel Log SpectrumAproximation)filter [8]

[11] inputs mel-cepstrakoeficientsand pitch information
andoutputsspeechlt performsahighly accurateproxima-
tion. Thetransferfunction ﬁis exponentialhoweve, it is
possibleto aproximateit with sufficient accurag by ara-
tional transferfunction. The complex exponentialis aprox-
imatedby arationalfunctionasfollows:

1+ ZlL:1 AL,lwl

exp(w) ~ Rp(w) = . (10)
1+ Zlel ALJ — !
Thusﬁ canbe aproximatedsfollows:
1
Ri(-F(:)) = eap(-F() = s (1)
underthe constraint
M
F(z) =Y b(m)®m(2). (12)
m=1
where
m=20

L,
¢m(z) = { (1—a?)z7?

o)z _z=m-D m>1
—Qaz

whereb(m) canbe obtainedthrougha linear transfor
mationof ¢, (m). ThecoeficientsA;, ; havethesamevalue
astheLMA filter.

The basicblock, F(z), is shovn in Figure4. Figure5
shavsthe MLSA filter Ry, (—F(z)) for thecaseof L = 4.

3.7. SpeechSynthesis

Hitherto, all the training part hasalreadybeendone. For
a giventext to be synthesizedafter the phonetictranscrip-
tion, we will have a triphone sequence.An algorithmis
implementedo searctor eachtriphoneonthedatabase.If
this speechunit is not found, diphoneHMMs, if they exist,
areconcatenatethstead ,otherwise monophonegreused.
Figure3 explicits the procedureslescribed.

By concatenatinghoseHMM units, a sentenceHMM
is constructed. An algorithm was implementedto obtain
the static parametergrom this sentence Using thesemel-
cepstraktaticcoeficientsandconstanpitchinformationas
MLSA [10] filter'sinput, speeclsignalis synthesized10].
The MLSA filter is providedby SPTK.

4. RESULTS

A Comparatie listeningtestwasconductedor evaluation
of our HMM-basedspeectsynthesizeagainsthe TalkAc-
tie sinthesizerTheTalkActive performsconcatenatiespeech
synthesisusing the PSOLAs algorithm.Thisintelligibility
testwasperformedwith 10 people(9 menandonewoman).

A soundspealer was usedto listen to the TalkActive
sinthesizer, on the other hand,head-phonesvere usedto
listento the HMM-basedsinthesizer

Synthesizingspeectwith the HMM technologywe ob-
tain betterresults,ascanbe seenontable4.



Table 4. Tableof the comparatie listeningtest.

With HMM-based |
90% |

UsingPSOLAs algorithm
88.1%

5. CONCLUSIONS

In this papemwe have presente@ BrazilianPortuguesd TS
basedon HMMs. Oneadwantageof HMM-basedTTS sys-
temsis thatspealeradaptatiorcanbeeasilyperformed.The
usageof SPTK andHTK toolkits are fundamentain our
system. Preliminarysubjectve resultsshowv that the pro-
posedsystemoutperformsa PSOLATTS basedn syllabic
units. Our further work will be improving the quality of
synthesizedspeechthroughthe bootstrapinitialization and
pitch modeling,which cantake accountof the prosody
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