
The NICT Entry for the Blizzard Challenge2009:an EnhancedHMM-based
SpeechSynthesisSystemwith Trajectory Training consideringGlobal

Varianceand State-DependentMixed Excitation

RannieryMaiay, TomokiToday;z, ShinsukeSakaiy, YoshinoriShigay, JinfuNiy, HisashiKawaiy

Keiichi Tokuday;yy, Minoru Tsuzakiy;zy, SatoshiNakamuray

yNationalInstituteof InformationandCommunicationsTechnology, Japan
zNaraInstituteof ScienceandTechnology, Japan

yyNagoya Instituteof Technology, Japan
zyKyotoCity Universityof Arts, Japan

f ranniery.maia,shinsuke.sakai,jinfu.ni,yoshinori.shiga,satoshi.nakam ura g@nict.go.jp

tomoki@is.naist.jp, tokuda@nitech.ac.jp, tsuzaki@kcua.ac.jp

Abstract

ThispaperdescribestheNICT speechsynthesissystemsubmit-
ted to the Blizzard Challenge2009: a hiddenMarkov model
(HMM)-based synthesizerconstructedby training trajectory
HMMs consideringglobal variance. To improve naturalness
of the synthesizedspeecha mixed excitation approachbased
on closed-loopresidualmodelingthroughthetrainingof state-
dependent�lters is employed. Accordingto theof�cial results
thesystemin questionperformswell in termsof naturalnessand
intelligibility althoughsynthesizedspeechdoesnot soundvery
similar to theoriginal speaker.
Index Terms: speechsynthesis,Blizzard Challenge,HMM-
basedspeechsynthesis,trajectoryHMM, residualmodeling.

1. Intr oduction
By following recent tendency towards the development of
HMM-basedspeechsynthesizerstheNationalInstituteof Infor-
mationandCommunicationstechnology(NICT) hassubmitted
a systembasedon the statisticalparametricsynthesistechnol-
ogy to theBlizzardChallenge2009(BC2009)[1]. Thesystem
basicallycorrespondsto theonesubmittedlastyearjointly with
ATR [2] with two signi�cant enhancements.The�rst onecon-
cernsHMM modelingthroughthe utilization of the technique
of trajectorytraining with embeddedglobal variance[3]. The
secondimprovementconsistsin theuseof adecisiontree-based
stateclusteringmethodfor statede�nition [4] in theexcitation
modelingemployed by the system[5]. Accordingto the of�-
cial listeningtestresults,thesubmittedsystemperformswell in
termsof naturalnessandintelligibility althoughthe scoresob-
tainedfor similarity to theoriginal speakerwerenotgood.

This paperis organizedasfollows. Section2 brie�y out-
linestheBlizzardChallenge2009.Section3 describesthesub-
mitted systems.Section4 shows the voice building procedure
while Section5 discussestheresultsof theof�cial listeningtest.
Finally, Section6 showsourconclusions.

2. The Blizzard Challenge2009
The Blizzard Challengeis an event promotedin order to bet-
ter understandand comparedifferent techniquesfor building
corpus-basedspeechsynthesizerson the samedata. The chal-

lengeconsistsof building somevoicesfrom areleaseddataand
synthesizinga prescribedsetof testsentences,which areeven-
tually evaluatedthroughextensive listeningtestsby volunteers,
speechexperts,andpaidnativespeakers.

For theBC2009[1] two databaseswerereleased:
� UK English:15hoursof amalespeaker releasedby The

Centrefor SpeechTechnologyResearch(CSTR)at the
Universityof Edinburgh,UK;

� MandarinChinese:6000sentencesof a femalespeaker
releasedby iFlyTekCo.,Ltd, China.

For this yeartherequiredtasksweredividedinto hubtasksand
spoke tasks. Hub tasksfor Englishwere:

� taskEH1: build a voice from the full Englishdatabase
(about15hours);

� taskEH2: build avoicefrom thespeci�edARCTIC sub-
setof thefull Englishdatabase(approximately1 hour).

Thespoke tasksfor Englishin whichwe tookpartwere:
� taskES2: build a voice from the full Englishdatabase

suitablefor synthesizingspeechto betransmittedvia the
telephonechannel;

� taskES3: build a voice from the full Englishdatabase
suitablefor synthesizingthecomputerrole in a human-
computerdialog.

Wedid not takepartin any MandarinChinesetask.
Rulefor thisyearcorrespondedto thenon-utilizationof the

remainderof any databaseto build subsetvoices.

3. The submitted system
We submittedthe samesystemfor tasksEH1, ES2 and ES3,
henceforthSystem1. Further, the exact sametechnologywas
employedto constructthesystemsubmittedto taskEH2,hence-
forth System2. Thus,theonly differencebetweenSystem1 and
System2 is that the former wastrainedwith the full database
whereasthelatteremployedonly theARCTIC subset.

Systems1 and 2 are basically the samesynthesizerde-
scribedin [2] (submittedby ATR/NICT last year) with two
main enhancements,namely: (1) trajectorytraining consider-
ing globalvariance[3]; (2) top-down clusteringto de�ne states
of theutilizedexcitationmodel[4]. In thenext sectionseachof
thesemainimprovementsaretreatedwith details.



3.1. GV-constrainedtrajectory training

The GV-constrainedtrajectorytraining method[3] providesa
uni�ed framework for training andsynthesisusinga common
criterion consideringglobal variance(GV) of [6]. We employ
suchmethodfor re�ning the stateoutputprobability densities
of conventionalHMMs.

3.1.1. Observationvectors

Let us assumea D -dimensionalstatic featurevector c i =
[ci (1) � � � ci (D )]> at frame i . We use a speechparame-
ter vector o i = [c>

i � c>
i �� c>

i ]> consistingof not only
thestaticfeaturevectorbut alsodynamicfeaturevectors� c i ,
�� ci asthe observation vector. The sequencesof vectorso i

andci over an utterancearewritten aso = [o>
1 � � � o>

T ]>

andc = [c>
1 � � � c>

T ]> , respectively. Moreover, we alsouse
aGV vector� (c) = [� c(1) � � � � c(D )]> of thestaticfeature
vectorsequencec astheotherobservationvector, calculatedby

� c(d) =
1
T

TX

i =1

(ci (d) � hc(d)i )2 (1)

hc(d)i =
1
T

TX

� =1

c� (d) (2)

3.1.2. Objectivefunction

Given the HMM statesequenceq = (q1 ; : : : ; qT ), the HMM
parameterset� is optimizedby maximizingthe following ob-
jective functionL q for theGV-constrainedtrajectorytraining,

L q = P [cjq; � ] P [� (c)jq� ; � � ]! T (3)

where P [cjq; � ] is the probability density function in a tra-
jectory HMM [7], P [� (c)jq; � ; � � ] is the probability density
functionof theGV, and� � is thesetof GV modelparameters.
The likelihoodbalancebetweenthesetwo probability density
functionsis controlledby theGV weight! .

De�nition of P [cjq; � ]: In the traditional HMMs, the
probabilitydensityfunctionof o givenanHMM statesequence
q = (q1 ; : : : ; qT ) is writtenas

P [ojq; � ] = N (o; � q ; U q ) =
TY

i =1

N (o i ; � qi
; U qi ) (4)

whereN (�; � ; U ) denotesa Gaussiandistribution with a mean
vector� anda covariancematrix U . Themeanvector� q and
thecovariancematrixU q aregivenby

� q =
�
� >

q1
� � � � >

qT

� >
(5)

U q = diag
�
U q1 ; � � � ; U qT

�
(6)

The traditionalHMM is reformulatedasa trajectoryHMM by
imposingan explicit relationshipbetweenstatic and dynamic
features,o = W c, whereW is a 3D T-by-D T window ma-
trix. The probability density function of c in the trajectory
HMM giventhestatesequenceq is thengivenby

P [cjq; � ] =
1

Zq
P[ojq; � ] = N (c; cq ; P q ) (7)

where

cq = P q r q (8)

P � 1
q = W > U � 1

q W (9)

r q = W > U � 1
q � q (10)

Zq =

p
(2� )D T jP q j

p
(2� )3D T jU q j

e� 1
2

�
� >

q U � 1
q � q � r >

q P q r q
�

(11)

Note that themeanvectorcq is equivalentto theML estimate
of thestaticfeaturevectorsequencegeneratedfrom theHMM
by theconventionalparametergenerationalgorithm[8].

De�nition of P [� (c)jq; � ; � � ]: Theprobabilitydensityof
theGV is modeledby

P [� (c)jq; � ; � � ] = N (� (c); � (cq ); � v ) (12)

Note that the meanvector � (cq ) is de�ned as the GV of the
meanvectorof thetrajectoryHMM. Hence,theGV likelihood
P[� (c)jq; � ; � � ] works asa penaltyterm to make the GV of
thegeneratedparameterscloseto thatof thenaturalones.

3.1.3. Modelparameterestimation

Given the HMM statesequenceq, the GV weight ! , andthe
GV covariancematrix � v , the parameterset � including the
meanvectorsand diagonalcovariancematricesat all HMM
states(from 1 to S),

m =
�
� >

1 � � � � >
S

� >
(13)

� � 1 =
�
U � 1

1 � � � U � 1
S

� >
(14)

aresimultaneouslyupdatedby maximizingL q . This is done
iteratively by usingthefollowing gradients,

@L q
@m

= � >
q U � 1

q W (c � cq + ! P qx q ) (15)

@L q

@� � 1 =
1
2

� >
q on-diag

h
W (P q + cqc>

q � cc> )W >

� 2� q (cq � c)> W > +2 ! W P qx q (� q � W cq )>
i

(16)

whereeachelementof aD T-dimensionalvectorx q is

x q =
�
x >

q;1 � � � x >
q;T

� >
(17)

x q;i =
�
xq;i (1) � � � xq;i (D )

� > (18)

xq;i (d) = � 2 (cq;i (d) � hcq (d)i ) �

[� (cq ) � � (c)]> p � (d) (19)

Thed-th columnof � � 1
� is p � (d). Thematrix � q is a3D T �

3D N matrix whoseelementsare0 or 1 determinedaccording
to the statesequenceq. The notationon-diag[�] denotesthe
extractionof only diagonalelementsfrom asquarematrix.

Althougha singleobservationsequenceis assumed(i.e., a
singleutterance)to simplify explanations,multiple observation
sequencesareactuallyusedin thetrainingprocess.

3.1.4. Parametergeneration

The objective function L q is alsousedfor parametergenera-
tion. GiventheHMM statesequenceq, theML estimateof the
staticfeaturevectorsequencedeterminedby maximizingL q is
givenby cq . Therefore,thegeneratedtrajectoryis analytically
calculatedby (8) even if we considerthe GV in the parameter
generationprocess.This is becausetheGV-constrainedtrajec-
tory trainingoptimizestheHMM parameterssothattheGV of
thegeneratedtrajectoryis closeto thenaturalone.
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Figure1: Training part of the excitation modelutilized by the
NICTsystem.

3.2. Tree-basedstatede�nition for excitation modeling

Figure 1 depictsthe training part of the excitation model de-
scribedin [5], which is appliedto oursystem.Filters

H v (z) =
M =2X

l = � M =2

h(l )z� l (20)

H u (z) =
K

1 �
P L

l =1 g(l )z� l
(21)

varyaccordingto eachHMM stateandtheircoef�cients areop-
timizedusinga residualsignalML criterion[5]. Theexcitation
trainingprocesscanbeenumeratedthroughthefollowing steps:
(1) statede�nition; (2) residualsegmentclassi�cationaccording
to thede�nedstates;(3) iterative �lter calculationfor eachclus-
ter of residualsegmentsusing the proceduredescribedin [5].
Our improvementon excitationmodelingconcernsananalytic
methodto de�ne statesin Step1.

3.2.1. Clusteringcriterion: residualML

Assumingthatthenoisesequencew(n) whichis outputby �lter
G(z) in Figure1 is aGaussianprocess,thelog likelihoodof the
signalu(n), alsoaGaussianprocess,is givenby

log P [ujH u ] = �
N
2

log 2� +
1
2

log jG > G j �
1
2

u> G > Gu

(22)
whereN is thenumberof samplesof theentiredatabaseand

u =
�
u(0) � � � u(N � 1)

� > (23)

G =
�
~g(0) � � � ~g( N � 1)

�
(24)

~g( m ) =
�
0 � � � 0| {z }
m terms

1
K

g(1)
K � � � g( L � 1)

K 0 � � � 0| {z }
N � m � 1 terms

� >

(25)

Thesecondtermin theright sideof (22)canbewrittenas

1
2

log jG > G j =
1
2

N � 1X

n =0

log

�
�
�
�
�
1 �

LX

l =1

g(l )ej w n l

�
�
�
�
�

2

� N log K

(26)
andbecauseG(z) is minimum-phase,the�rst termin theright
sideof (26) is zero [9]. Further, if w(n) is a white noisese-
quencewith varianceoneandmeanzero,the third term in the
right sideof (22)canbeapproximatedasfollows

u> G > Gu = K 2N E f w2(n)g � K 2N (27)

Therefore,the likelihoodof e(n) giventheexcitationmodelis
simplya functionof theunvoiced�lter gaincomponentK ,

log P [ejH v ; H u ; t ] = �
N
2

log 2� � N
�

log K +
K 2

2

�

(28)

3.2.2. Clusteringprocedure

By takinginto accountthestate-dependency of the�lter coef�-
cients,(28)canbere-writtenas

log P [ejH v ; H u ; t ] = �
N
2

log 2� +
SX

j =1

L j (29)

where

L j = � N j

�
log K j +

K 2
j

2

�
(30)

is the likelihoodof e(n) understatesj , N j is its correspond-
ing numberof samples,K j is thecorrespondingunvoiced�lter
gain,andS is thenumberof states(or clustersfor tiedstates).

From Figure1, initially voiced�lter coef�cients arecom-
puted,followedby thedeterminationof u(n), �nally leadingto
gain componentK s j . Theprocessof splitting oneclusterinto
two thuscanbesketchedasfollows:

1. split sj into sj 1 andsj 2 givenacandidatequestion;
2. calculatevoiced�lter coef�cients, h s j 1

andh s j 2
, for the

new clusterssj 1 andsj 1 , respectively;
3. computeunvoiced�lter coef�cients with corresponding

gain components,g j 1 , K j 1 , gj 2 , andK j 2 , respectively
for sj 1 andsj 2 .

After calculatingL j 1 andL j 2 from K j 1 andK j 2 , respectively,
accordingto (30), likelihoodincrementdueto the split canbe
measuredby

L inc = Lafter � Lbefore= L j 1 + L j 2 � L s j (31)

3.2.3. Approximationsto decreasecomputationalcomplexity

Thedeterminationof voiced�lters andunvoiced�lter gaincom-
ponentsfor sj x implies optimizationof �lter coef�cients and
pulsetrainsfor thenew clusters,accordingto thealgorithmde-
scribedin [5]. In orderto decreasecomputationalcomplexity
this iterative optimizationis replacedby singlecalculationof
voiced�lters followed by linear predictionanalysisof the un-
voicedexcitationsignalu(n) undersegmentsbelongingto sj x

to derive thegaincomponentK j x .
Assumingthediagramof Figure1, voiced�lter coef�cients

for clustersj x canbeobtainedby leastsquares,

h j x =

0

@
X

i 2 s j x

A >
i A i

1

A

� 1
X

i 2 s j x

A >
i ei (32)

where

A i =
h
~t (0)

i � � � ~t ( M )
i

i
(33)

~t ( m )
i =

�
0 � � � 0| {z }
m terms

t i (0) � � � t i (N i � 1) 0 � � � 0| {z }
M � m terms

� >

(34)

ei =

"
0 � � � 0| {z }
M
2 terms

ei (0) � � � ei (N i � 1) 0 � � � 0| {z }
M
2 terms

#>

(35)

with t i (n) andei (n) beingrespectively pulsetrainandresidual
segmentswith N i samplesbelongingto clustersj x . Segments
are obtainedaccordingto alignmentperformedat the HMM
statelevel. After that,thegainK j x is calculatedfrom

K j x =

vu
u
t r j x (0) �

LX

l =1

gj x (l )r j x (l ) (36)



with

r j x (l ) =
X

i 2 s j x

N i � 1X

n =0

ui (n)ui (n � l ); l = 0; : : : ; L (37)

beingthe sumof autocorrelationsequencesof all segmentsof
ui (n) = ei (n) � hj x (n) � t i (n), wherei 2 sj x . Theunvoiced
�lter coef�cients of clustersj x , f gj x (1); : : : ; gj x (L )g, arede-
terminedfrom r j x (l ) usingLevinson-Durbin[9].

3.2.4. Stopcriterion

Theminimumdescriptionlength(MDL) [10] is utilizedasstop
criterion.Let thedescriptionlengthof excitationmodel� i with
clusterset f s1 ; : : : ; sS i g, whereSi is the numberof clusters,
whereeachof themhasavoicedandunvoiced�lter , be

` i =
N
2

log 2� �
S iX

j =1

L s j +
(M + L + 2)Si

2
log N (38)

The �rst andsecondtermsin the right sideof (38) correspond
to thelikelihoodof � i whereasthethird termmeasuresits com-
plexity [10]. The differenceof descriptionlengthbetweenthe
modelafterthesplit � i +1 , andthemodelbeforethesplit � i is

� ` = ` i +1 � ` i = � L inc +
M + L + 2

2
log N (39)

Theclusteringprocessis stoppedif � ` > 0.

4. Building voicesfor the BC2009
4.1. Databasesegmentationand labeling

We utilized thesamelabelsconstructedfor thesystemsubmit-
tedlastyear. Thus,procedurefor segmentationandfull context
labelconstructioncanbeseenin [2].

4.2. Speechparameter extraction

Speechparametersmodeledby HMM consistedof log F0 and
spectralparametervectors,extractedfrom thedatabaseatevery
5 ms.WeextractedF0 usingtheSnackSoundToolkit [11].

Spectralparameterswerealsoextractedat every 5 ms. Pe-
riodograms,representedby power densityspectrumextracted
usingSTRAIGHT [12], werederived from each5-msframes,
from whicheventuallytwo kindsof coef�cients wereextracted:
(1) mel-cepstralcoef�cients as describedin [13]; (2) mel-
generalizedcepstral coef�cients as describedin [14]. We
trained two different systemsby utilizing the full database
and ARCTIC subsetusing coef�cients (1) and (2), hence-
forth System-MCEPandSystem-MGC, respectively, in orderto
choosethe bestoneto submitto the BC2009. The numberof
coef�cients extractedfrom eachframe, for both systems,was
40 (including the 0-th coef�cient). For System-MGC,before
HMM modelingmel-generalizedcoef�cients werechangedinto
theline spectralpair domain(MGC-LSP),asdescribedin [14].
After an informal listeningtestperformedwith 8 speechsyn-
thesisexpertlistenersand1 speechexpertwedecidedto submit
System-MCEP, i.e., we chosemel-cepstralcoef�cients derived
from STRAIGHTspectrumfor spectralparameterization.

4.3. Synthesizertraining

Initially, hiddensemi-Markov models(HSMMs) were trained
using multi-stream observation vectors composedof mel-
cepstralcoef�cients andF0 , with theircorrespondingdeltasand

Table 1: Log-scaledtrajectory likelihood (Traj) given by (7),
GV likelihood(GV) givenby (12), andGV-constrainedtrajec-
tory likelihood(Traj + GV)givenby(3) (when! = 1:0) of each
model. Theselikelihoodsare normalizedby dividing the total
likelihoodsby the numberof dimensionsof the static feature
vectorandthenumberof frames.

a)System1 (submittedto tasksEH1,ES2andES3)
Likelihoodsfor mel-cepstrum Traj GV Traj + GV
StandardHMM 0.81 -7.44 -6.63
TrajectoryHMM 1.24 -7.34 -6.10
GV-TrajectoryHMM 1.19 4.32 5.51
Likelihoodsfor log F0 Traj GV Traj + GV
StandardHMM 0.78 0.75 1.53
TrajectoryHMM 0.94 0.79 1.73
GV-TrajectoryHMM 0.94 0.87 1.81

b) System2 (submittedto taskEH2)
Likelihoodsfor mel-cepstrum Traj GV Traj + GV
StandardHMM 0.81 -13.11 -12.30
TrajectoryHMM 1.25 -12.93 -11.68
GV-TrajectoryHMM 1.19 4.56 5.75
Likelihoodsfor log F0 Traj GV Traj + GV
StandardHMM 0.84 0.91 1.75
TrajectoryHMM 1.00 1.09 2.09
GV-trajectoryHMM 0.99 1.26 2.25

delta-deltas,using the sameconditionsas the onesdescribed
in [2]. ThetrainedHSMMswerethenapproximatedby HMMs
by copying their stateoutputprobabilitydensitiesfollowedby
transitionprobability training. After that, sub-optimumHMM
statesequencesfor eachtrainingutteranceweredeterminedby
Viterbi alignment. Basedon the determinedstatesequences,
HMM parameterswereoptimizedby GV-constrainedtrajectory
training conductedas follows. First, HMM parameterswere
updatedby maximizingsolelythetrajectorylikelihood,i.e.,by
settingtheGV weight ! in (3) to zero. This optimizationpro-
cessis equivalentto the standardtrajectorytraining [7]. After
that, HMM parameterswerefurther updatedby setting! to a
propervalue(! = 0:5 for oursystem).Thediagonalcovariance
matrix � � of the GV probability densityfunction wastrained
from theGV vectorsof all trainingutterances.NotethatHMM
statesequenceswerenotupdated.

To verify the effect of GV-constrainedtrajectorytraining,
we checked the log-scaledtrajectory, GV, andGV-constrained
trajectorylikelihoodsfor mel-cepstrumandlog-scaledF0 in the
training data,respectively, asdescribedin [3]. Table1 shows
reasonableresultsfor both mel-cepstrumandF0 components,
from which it canbeinferredthat: (1) trajectorytrainingyields
signi�cant improvementsin the trajectorylikelihoods;(2) GV-
constrainedtrajectorytrainingyieldsdramaticimprovementsin
the GV likelihoodswhile not causingsigni�cant reductionsto
thetrajectorylikelihoods.

4.4. Excitation training

Residualsignalswerederived from thespeechdatabaseby in-
verse�ltering using the mel-cepstralcoef�cients of [13], ex-
tractedfrom speechat every 5 ms. Full context modelswere
usedto segmentthe residualsignalsat the HMM statelevel.
Pulsetrainswerederived from pitch marksandeventuallyop-
timized for the residualsegmentsthrough the procedurede-
scribedin [5]. Residualsegmentswere then clusteredusing
the proceduredescribedin Section3.2. The MDL criterionas



Table2: Numberof terminalnodesat theendof theclustering
processfor the systemsubmittedto tasksEH1, ES2and ES3
(System1), andsystemsubmittedto taskEH2(System2). Num-
berof logical modelsis 362515and38490,respectively.

HMM state S1 S2 S3 S4 S5 Total
System1 51 51 48 51 10 211
System2 19 31 32 30 23 135
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Figure2: L inc for each split iterationfor HMM statesS1 to S4 .
Top: systemsubmittedto tasksEH1, ES2andES3(System1).
Bottom:systemsubmittedto taskEH2(System2).

shown in Section3.2.4wasusedto stoptreegrowth. In orderto
assurethattrainingof thefull databasevoicewould be�nished
on time, only pentaphoneand silencerelatedquestionswere
utilized for theclusteringprocess.Oncestateswerede�ned as
terminalnodesof the obtaineddecisiontrees,voicedandun-
voiced�lters for excitation modelsof System1 andSystem2
werecalculatedusingtheproceduredescribedin [5].

Figure 2 shows the evolution of L inc given by (31) for
HMM statepositionsf S1 ; : : : ; S4g at eachsplit step,for sys-
tems1 and2. It canbeseenthatL inc decreasesastreesgrows,
althoughsomeoutliersoccur, probablydueto theclusteringap-
proximationsof Section3.2.3. Table 2 shows the numberof
terminalnodesat theendof theprocess.

Figure3 shows3-D plotsof impulseresponsesof H v (z) of
the achieved excitation models,andexcitation modelstrained
by the conventional phonetic decision trees approach,used
in [2]. It canbenoticedthat�lters of System1 obtainedthrough
theproposedalgorithmachieveconvergencemorethanthecon-
ventionalmethod.Thisshowsthattheclusteringwassuccessful
in groupingsimilar residualsegmentsunderthe samecluster.
However, thesameresultwasnotachievedfor System2.

5. Systemperformance
The BC2009 evaluated the submitted systemsunder three
main categories: (1) naturalness;(2) similarity to the original
speaker; and(3) word error rateof semanticallyincorrectsen-
tences[15]. Aside from those,a new criterion wascreatedto
evaluatetaskES3,which correspondedto an appropriateness
degreeof thesynthesizedspeechasanswersto somespeci�ed
questionsin aconversationaldomain.

5.1. Listening test results

All the box plots shown in this sectionrepresentthe opinions
of Englishnative speakerspaid to conductthe listening tests.
Figure 4 shows naturalnessscoresfor the systemssubmitted
to tasksEH1 andEH2, whereasFigure5 shows the scoresof
appropriatenessof thesynthesizedspeechfor thesystemssub-
mittedto taskES3. It canbeseenthat theresultswerereason-
ably good for System1, submittedto EH1 andES3,whereas
System2 did not achieve theexpectednaturalnessscorein task
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Figure4: Naturalnessscoresaccording to paidnativespeakers
for systemssubmittedto tasksEH1(top)andEH2(bottom).

EH2. Figure6 shows the degreesof similarity to the original
speaker for tasksEH1 andEH2, whereit canbe noticedthat
our systemsperformedbelow average. Figure7 shows WER
for systemsubmittedto tasksEH1andEH2. TheNICT system
achievesthebestperformancefor taskEH1 whereasthe result
for taskEH2wassurprisinglybelow whatweexpected.
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Figure5: Appropriatenessof thespeech synthesizedbysystems
submittedto taskES3as answers to somespeci�edquestions,
according to paidnativespeakers.

5.2. Discussionon the performance

In average,accordingto the of�cial results, System1 (full
database)performedbetter than System2 (ARCTIC subset).
This fact did not happenfor the systemwe submittedlast
year [2], which achieved similar performancedespitethe dif-
ferencein datasize.Perhapsour top-down clusteringapproach
for �lter statede�nition worked betterfor System1 dueto its
greateramountof trainingdata.This canbeinferredfrom Fig-
ure3 wheretheimprovementfor System1 is moreevidentthan
the improvementobtainedfor System2, whencomparedwith
thebaselinemethodfor statede�nition. Lastly, we facedsome
problemsto synthesizesometestsentencesusingthe released
Festival utterance�les. Maybeit would have beenmoreappro-
priateto generatefull context labelsdirectly from text.



Figure3: Impulseresponsesof voiced�lter s H v (z) derivedusingstatecon�gurationsyieldedby the proposedresidualclustering
algorithm and by the baselinephonetictreesmethod. Respectivelyfrom left to right, �lter s calculatedusing: full databaseand
proposedalgorithm,full databaseandphonetictrees,ARCTICsubsetandproposedalgorithm,andARCTICsubsetandphonetictrees.
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Figure6: Similarity scoresaccording to paid nativespeakers
for systemssubmittedto tasksEH1(top)andEH2(bottom).

6. Conclusion
ThispaperdescribedtheNICT entryfor theBlizzardChallenge
2009.Accordingto theresults,thesystemachievedfair results
in termsof naturalness,similarity andintelligibility. Thediffer-
encein performancefor tasksEH1andEH2wasconsiderable.

7. References
[1] http://www.synsig.org/index.php/BlizzardChallenge2009.

[2] R. Maia, J. Ni, S. Sakai,T. Toda, K. Tokuda,T. Shimizu, and
S. Namakura,“The NICT/ATR speechsynthesissystemfor the
BlizzardChallenge2008,” in Blizzard ChallengeWorkshop, 2008.

[3] T. Toda and S. Young, “Trajectory training consideringglobal
variancefor HMM-basedspeechsynthesis,” in ICASSP, 2009.

[4] R. Maia, T. Toda,K. Tokuda,S. Sakai,andS. Nakamura,“A de-
cision tree-basedclusteringapproachto statede�nition in anex-
citationmodelingframework for HMM-basedspeechsynthesis,”
in INTERSPEECH, 2009.

[5] R. Maia,T. Toda,H. Zen,Y. Nankaku,andK. Tokuda,“An exci-
tationmodelfor HMM-basedspeechsynthesisbasedon residual
modeling,” in SSW6, 2007.

A S K I B H L C O D J E Q R W P T M
0

System

10

20

NICT

W
E

R
 (

%
)

A S K I B H L C O D J E Q R W P T U M
0

System

10

20
W

E
R

 (
%

)

NICT

Figure7: WERaccording to paid nativespeakers for systems
submittedto tasksEH1(top)andEH2(bottom).

[6] T. Todaandk. Tokuda,“A speechparametergenerationalgorithm
consideringglobal variancefor HMM-basedspeechsynthesis,”
IEICE Transactions, vol. E90-D,pp.816–824,Mar. 2007.

[7] H. Zen,K. Tokuda,andT. Kitamura,“Reformulatingthe HMM
asa trajectorymodelby imposingexplicit relationshipsbetween
staticanddynamicfeaturevectorsequences,” ComputerSpeech
andLanguage, vol. 21,pp.153–173,2007.

[8] K. Tokuda,T. Yoshimura,T. Masuko, T. Kobayashi,andT. Kita-
mura,“Speechparametergenerationalgorithmsfor HMM-based
speechsynthesis,” in ICASSP, 2000.

[9] J. D. Markel and A. H. Gray, Jr., Linear prediction of speech.
Springer-Verlag,1986.

[10] J. Rissanen,“Universalcoding, information,prediction,andes-
timation,” IEEE Transactionson InformationTheory, vol. IT-30,
July1984.

[11] http://www.speech.kth.se/snack.

[12] H. Kawahara,I. Masuda-Katsuse,and A. deCheveigńe, “Re-
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