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Abstract

This paperdescribesheNICT speectsynthesisystemsubmit-
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-loopresidualmodelingthroughthe training of state-
dependentiters is emplo/ed. Accordingto the of cial results
thesystemn questiorperformswell in termsof naturalnesand
intelligibility althoughsynthesizedpeechdoesnot soundvery
similarto theoriginal spealer.

Index Terms. speechsynthesis Blizzard Challenge,HMM-
basedspeectsynthesistrajectoryHMM, residualmodeling.

1. Intr oduction

By following recenttendeng towards the development of
HMM-basedspeectsynthesizertheNationallnstituteof Infor-
mationandCommunicationsechnology(NICT) hassubmitted
a systembasedon the statisticalparametricsynthesigechnol-
ogy to the Blizzard Challenge2009(BC2009)[1]. Thesystem
basicallycorrespondso theonesubmittedastyearjointly with
ATR [2] with two signi cant enhancementslhe rst onecon-
cernsHMM modelingthroughthe utilization of the technique
of trajectorytraining with embeddedylobal variance[3]. The
secondmprovementconsistsn theuseof adecisiontree-based
stateclusteringmethodfor statede nition [4] in the excitation
modelingemployed by the system[5]. Accordingto the of -
cial listeningtestresults the submittedsystemperformswell in
termsof naturalnessindintelligibility althoughthe scoresob-
tainedfor similarity to theoriginal spealer werenotgood.

This paperis organizedasfollows. Section2 briey out-
linestheBlizzard Challenge2009. Section3 describeshe sub-
mitted systems.Section4 shavs the voice building procedure
while Sections discussetheresultsof theof cial listeningtest.
Finally, Section6 shavs our conclusions.

2. The Blizzard Challenge2009

The Blizzard Challengeis an event promotedin orderto bet-
ter understandand comparedifferent techniquesfor building
corpus-basedpeectsynthesizeren the samedata. The chal-
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lengeconsistof building somevoicesfrom areleasedlataand
synthesizinga prescribedsetof testsentencesyhich areeven-
tually evaluatedthroughextensie listeningtestsby volunteers,
speectexperts,andpaid native spealers.
For theBC2009[1] two databasewerereleased:
UK English: 15 hoursof amalespealkrreleasedy The
Centrefor SpeechlechnologyResearci{CSTR)at the
University of Edinturgh, UK;
MandarinChinese:6000sentencesf a femalespealer
releasedy iFlyTek Co.,Ltd, China.

For this yeartherequiredtasksweredividedinto hubtasksand
spole tasks Hub tasksfor Englishwere:

task EH1: build a voice from the full Englishdatabase
(aboutl5 hours);

taskEHZ2: build avoicefromthespeci edARCTIC sub-
setof thefull Englishdatabaséapproximatelyl hour).

Thespole tasksfor Englishin which we took partwere:

task ES2: build a voice from the full Englishdatabase
suitablefor synthesizingpeecho betransmittedvia the
telephonechannel;

task ES3: build a voice from the full Englishdatabase
suitablefor synthesizinghe computerrole in a human-
computerdialog.

We did nottake partin any MandarinChinesetask.
Rulefor thisyearcorrespondetb the non-utilizationof the
remaindeiof ary databaséo build subsewoices.

3. The submitted system

We submittedthe samesystemfor tasksEH1, ES2 and ES3,
henceforthSystenil. Further the exact sametechnologywas
employedto constructhesystensubmittedo taskEH2, hence-
forth Systen®. Thus,theonly differencebetweerSysteni and
Systen® is that the former wastrainedwith the full database
whereaghelatteremployedonly the ARCTIC subset.
Systemsl and 2 are basically the samesynthesizerde-
scribedin [2] (submittedby ATR/NICT last year) with two
main enhancementg)amely: (1) trajectorytraining consider
ing globalvariancg3]; (2) top-davn clusteringto de ne states
of theutilized excitationmodel[4]. In thenext sectionseachof
thesemainimprovementsaretreatedwith details.



3.1. GV-constrainedtrajectory training

The GV-constrainedrajectorytraining method[3] providesa

uni ed frameawork for training and synthesisusinga common
criterion consideringglobal variance(GV) of [6]. We employ

suchmethodfor re ning the stateoutput probability densities
of corventionalHMMs.

3.1.1. Observatiorvectos

Let us assumea D -dimensionalstatic feature vector ¢; =
[ci(2) ¢ (D)]” atframei. We usea speechparame-
ter vectoro; = [¢] ¢ ¢’ 1> consistingof not only
the staticfeaturevectorbut alsodynamicfeaturevectors c;,
ci astheobsenationvector The sequencesf vectorso;
andc; over an utterancearewritten aso = [0} 71
andc = [c] c7 ], respectiely. Moreover, we alsouse
aGVvector (c) = c(2) ¢(D)]” of thestaticfeature
vectorsequence astheotherobserationvector calculatedby

1 X o
c(d) = T (ci(d) he(d)i) 1)
i=1
X
he(i =< ¢ (d) )

=1

3.1.2. Objectivefunction

parameteset is optimizedby maximizingthe following ob-
jective functionL g for the GV-constrainedrajectorytraining,

Lqg=Plcja; IP[ (ig ; 17 ®3)

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

De nition of P[cjq; ]: In the traditional HMMs, the
probabilitydensityfunctionof o givenanHMM statesequence

Ploja; 1= N(o; q;Ug)= N(oi; o;Uq) (4
i=1

whereN (; ;U) denotesa Gaussiardistribution with amean
vector anda covariancematrix U. The meanvector q and
the covariancematrix U q aregivenby

q = ;1 ;T (5)
Ug=diag Ug,; Ugq (6)

ThetraditionalHMM s reformulatedasa trajectoryHMM by
imposingan explicit relationshipbetweenstatic and dynamic
featuresp = W ¢, whereW isa3DT-by-DT windov ma-
trix. The probability density function of ¢ in the trajectory
HMM giventhestatesequence is thengivenby

Plciq; 1= ip[ojq; ]= N(cicqiPg)  (7)

where
Cq=Pqrg (8)
Pg'=W Uq'W )
rq=W~Uq" 4 (10)
p%
DT > -
Zq= @ )°TPal o 5 gUq" q TgPara (g9

(2 )3PTjUqj
Note thatthe meanvectorcTq is equivalentto the ML estimate
of the staticfeaturevectorsequencgeneratedrom the HMM
by the corventionalparametegeneratioralgorithm[8].

De nition of P[ (c)jq; ; ]: Theprobabilitydensityof
the GV is modeledby

P[ (e)ja; i 1=N( (c) (ca); v) 12
Note that the meanvector (Tq) is de ned asthe GV of the
meanvectorof thetrajectoryHMM. Hencethe GV likelihood
P[ (¢)jg; ; ] worksasa penaltytermto make the GV of
thegenerategharametersloseto thatof the naturalones.

3.1.3. Modelparameterestimation

Giventhe HMM statesequencey, the GV weight! , andthe
GV covariancematrix , the parametesset including the
meanvectorsand diagonal covariancematricesat all HMM
stateqfrom1to S),

m= 3 3 (13)
f= Uyt Ugt” (14)

are simultaneouslyupdatedby maximizingL q. This is done
iteratively by usingthefollowing gradients,

%: qUqg'W (¢ cTq+ ! Pgxq) (15)
@q _1 . _h _ s > >
@ ' 2 gon-diag W (Pq+ CqTq cCC )V\?
2 g(cqg ©)"W7 +21WPqgxXg( ¢ Wtcq)  (16)
whereeachelementof aD T -dimensionalectorxq is
Xq= Xgu Xgr 17)
Xqi = Xqi (1) X (D) (18)
Xqi (d) = 2(Cqi(d) heg(d)i)
[ €a) (] p (d) (19)

Thed-thcolumnof  'isp (d). Thematrix qisa3DT
3D N matrix whoseelementsareO or 1 determinedaccording
to the statesequencey. The notationon-diag[] denotesthe
extractionof only diagonalelementdrom a squarematrix.
Although a singleobsenation sequencés assumedi.e., a
singleutterance}o simplify explanationsmultiple obsenation
sequenceareactuallyusedin thetraining process.

3.1.4. Parametergeneation

The objectie function L q is alsousedfor parametegenera-
tion. Giventhe HMM statesequence, the ML estimateof the
staticfeaturevectorsequenceleterminedy maximizingL q is
givenby Tq. Thereforethe generatedrajectoryis analytically
calculatedby (8) evenif we considerthe GV in the parameter
generatiomprocess.This is becausdéhe GV-constrainedrajec-
tory training optimizesthe HMM parametersothatthe GV of
thegeneratedrajectoryis closeto the naturalone.
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Figure 1: Training part of the excitation modelutilized by the
NICT system.

3.2. Tree-basedstatede nition for excitation modeling

Figure 1 depictsthe training part of the excitation model de-
scribedin [5], whichis appliedto our system.Filters

M =2

Hy(z) = h(l)z ' (20)

Hu(2) = (21)

4P—
1 ez
varyaccordingo eachHMM stateandtheir coefcients areop-
timizedusingaresidualsignalML criterion[5]. The excitation
trainingprocessanbeenumeratethroughthefollowing steps:
(1) statede nition; (2) residuakegmentclassi cationaccording
tothede ned states|3) iterative lter calculationfor eachclus-
ter of residualseggmentsusingthe proceduredescribedn [5].

Our improvementon excitation modelingconcernsan analytic
methodto de ne statesn Stepl.

3.2.1. Clusteringcriterion: residualML

Assumingthatthenoisesequencev(n) whichis outputby Iter
G(z) in Figurelis aGaussiamprocessthelog likelihoodof the
signalu(n), alsoa Gaussiarprocessis givenby

logP[ujH,] = %Iogz +%Iong>Gj %U>G>Gu

(22)
whereN is thenumberof samplef the entiredatabasend
u= u(0) uN 1)~ (23)
G=¢g” g™ Y (24)
1 9 gt 1 g
o™ = PP X o
m terms N m 1terms
Thesecondermin theright sideof (22) canbewritten as
2
1 [ 1”( ! % jwhp |
Elong Gj= > log 1 g(hevn N log K
n=0 1=1
(26)

andbecausé&s(z) is minimum-phasethe rst termin theright
sideof (26) is zero[9]. Further if w(n) is a white noisese-
guencewith varianceoneandmeanzero, the third termin the
right sideof (22) canbe approximatedsfollows

u”G”Gu = K2NEfw?(n)g K?2N (27)

Therefore the likelihoodof e(n) giventhe excitation modelis
simply a functionof theurvoiced lter gaincomponeni ,

. N K?

logP[ejHyv;Hy;t] = 7IogZ N IogK+7

(28)

3.2.2. Clusteringprocedue

By takinginto accounthe state-dependegof the Iter coef-
cients,(28) canbere-writtenas

. N »*
logP[ejHy;Hy;t] = Elogz + Lj (29)
j=1
where
K?

Lj = Nj |Ong + 7] (30)
is the likelihoodof e(n) understates; , N; is its correspond-
ing numberof samplesK; is thecorrespondinginvoiced lter
gain,andsS is thenumberof stateqor clustersfor tied states).

From Figure1, initially voiced Iter coefcients arecom-
puted followedby thedeterminatiorof u(n), nally leadingto
gain componenK s, . The processof splitting oneclusterinto
two thuscanbe sketchedasfollows:

1. splits; intos;; ands;, givenacandidatejuestion;

2. calculatevoiced lter coefcients, hs;, andhs, ,, for the
new clusterssj, ands;,, respectiely;

3. computeurvoiced lter coefcients with corresponding
gain componentsg;,, K;,, gj,, andKj,, respectiely
fors;, ands;, .

After calculatinglL;, andLj, fromK;, andKj,, respectiely,

accordingto (30), likelihoodincrementdueto the split canbe
measuredby

Linc = Lafter Lbefore= Lix ¥ Li> Ly (31)

3.2.3. Appioximationsto deceasecomputationatompleity

Thedeterminatiorof voiced Iters andurvoiced lter gaincom-
ponentsfor s;,, implies optimizationof Iter coefcients and
pulsetrainsfor the new clustersaccordingto thealgorithmde-
scribedin [5]. In orderto decreaseomputationatomplexity
this iterative optimizationis replacedby single calculationof
voiced lters followed by linear predictionanalysisof the un-
voicedexcitationsignalu(n) undersegmentsbelongingto s;,
to derive the gain componenKj, .

Assumingthediagramof Figurel, voiced lter coefcients
for clusters;, canbeobtainedby leastsquares,

0 1,
X X
h, =@ AT AA Al e (32)
iZij iZij
where h i
Ai= o) (33)
dm o P QU0 GNP 5 97 gy
m terms M m terms
" iy
o - Pz 9e@ el DP 5 ¢ (35)
M terms M terms

with ti (n) ande (n) beingrespectiely pulsetrainandresidual
segmentswith N; sampledelongingto clusters;, . Segments
are obtainedaccordingto alignmentperformedat the HMM
statelevel. After that,thegain K, is calculatedrom

4
u

-t ri (0)

Kj g (Dri (M) (36)

1=1

X



with
X ™1
i () = ui(mui(n 1);

i2sj, n=0

I1=0;:::;L  (37)

beingthe sumof autocorrelatiorsequencesf all sggmentsof
ui(n) = e(n) hj,(n) ti(n),wherei 2 s;, . Theurvoiced

terminedfromr;, (1) usingLevinson-Durbin[9].

3.2.4. Stopcriterion

Theminimumdescriptionlength(MDL) [10] is utilized asstop
criterion. Letthedescriptioriengthof excitationmodel ; with

whereeachof themhasa voicedandurvoiced lter , be

. _N Ri (M + L+ 2)S,
= S log2 Ly + SA T =TS
2 L 2

logN  (38)
The rst andsecondermsin theright side of (38) correspond
tothelikelihoodof ; whereaghethirdtermmeasure#ts com-
plexity [10]. The differenceof descriptionlengthbetweenthe
modelafterthesplit ;.1 , andthemodelbeforethesplit ; is

L L M+ L+ 2
= 17 Lipgt ———

Theclusteringprocesss stoppedf > 0.

logN (39)

4. Building voicesfor the BC2009
4.1. Databasesegmentationand labeling

We utilized the samelabelsconstructedor the systemsubmit-
tedlastyear Thus,procedurdor segmentatiorandfull context
labelconstructiorcanbeseenin [2].

4.2. Speechparameter extraction

Speectparametersnodeledby HMM consistedf log Fo and
spectraparametevectors extractedfrom thedatabasatevery
5 ms. We extractedF, usingthe SnackSoundToolkit [11].
Spectralparametersverealsoextractedat every 5 ms. Pe-
riodograms,representedby power density spectrumextracted
using STRAIGHT [12], werederived from each5-msframes,
from which eventuallytwo kindsof coefcients wereextracted:
(1) mel-cepstralcoefcients as describedin [13]; (2) mel-
generalizedcepstral coefcients as describedin [14]. We
trained two different systemsby utilizing the full database
and ARCTIC subsetusing coefcients (1) and (2), hence-
forth System-MCERNdSystem-MG(respectrely, in orderto
choosethe bestoneto submitto the BC2009. The numberof
coefcients extractedfrom eachframe,for both systemswas
40 (including the 0-th coefcient). For System-MGC before
HMM modelingmel-generalizedoefcients werechangednto
theline spectrapair domain(MGC-LSP),asdescribedn [14].
After aninformal listeningtest performedwith 8 speechsyn-
thesisexpertlistenersandl speectexpertwe decidedo submit
System-MCEP.e., we chosemel-cepstratoefcients derived
from STRAIGHT spectrunfor spectraparameterization.

4.3. Synthesizertraining

Initially, hiddensemi-Marlov models(HSMMs) were trained
using multi-stream obsenation vectors composedof mel-
cepstratoefcients andFo, with theircorrespondingleltasand

Table 1: Log-scaledtrajectorylikelihood (Traj) givenby (7),
GV likelihood (GV) givenby (12), and GV-constainedtrajec-
tory likelihood(Traj + GV)givenby(3) (when! = 1:0) ofeach
model. Theselikelihoodsare normalizedby dividing the total
likelihoodsby the numberof dimensionof the static featue
vectorandthe numberof frames.

a) Systeml (submittecto 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 4.32 551
Likelihoodsfor log Fo Traj GV Traj+GV
StandardHMM 0.78 0.75 1.53
TrajectoryHMM 094 0.79 1.73
GV-TrajectoryHMM 0.94 0.87 1.81

b) System?2 (submittedto taskEH2)

Likelihoodsfor mel-cepstrum|| Traj GV Traj+ GV
StandarddMM 0.81 -13.11 -12.30
TrajectoryHMM 1.25 -12.93 -11.68
GV-TrajectoryHMM 119 456 5.75
Likelihoodsfor log Fo Traj GV Traj+ GV
StandarddMM 0.84 0.91 1.75
TrajectoryHMM 1.00 1.09 2.09
GV-trajectoryHMM 099 1.26 2.25

delta-deltasusing the sameconditionsas the onesdescribed
in [2]. ThetrainedHSMMswerethenapproximatedy HMMs
by copying their stateoutputprobability densitiesfollowed by
transitionprobability training. After that, sub-optimumHMM
statesequencefor eachtrainingutteranceveredeterminedoy
Viterbi alignment. Basedon the determinedstatesequences,
HMM parametersvereoptimizedby GV-constrainedrajectory
training conductedas follows. First, HMM parametersvere
updatedoy maximizingsolelythetrajectorylikelihood,i.e., by
settingthe GV weight! in (3) to zero. This optimizationpro-
cessis equivalentto the standardrajectorytraining [7]. After
that, HMM parametersvere further updatedby setting! to a
propenvalue(! = 0:5for oursystem).Thediagonakovariance
matrix of the GV probability densityfunction wastrained
from the GV vectorsof all training utterancesNotethatHMM
statesequencewerenot updated.

To verify the effect of GV-constrainedrajectorytraining,
we checled the log-scaledrajectory GV, and GV-constrained
trajectorylik elihoodsfor mel-cepstrunandlog-scaled-o in the
training data, respectiely, asdescribedn [3]. Table1 shavs
reasonableesultsfor both mel-cepstrumandFo; components,
from whichit canbeinferredthat: (1) trajectorytrainingyields
signi cant improvementsn the trajectorylikelihoods;(2) GV-
constrainedrajectorytrainingyieldsdramatidmprovementsn
the GV likelihoodswhile not causingsigni cant reductionsto
thetrajectorylik elihoods.

4.4. Excitation training

Residualsignalswerederived from the speectdatabasdy in-
verse ltering using the mel-cepstrakcoefcients of [13], ex-
tractedfrom speechat every 5 ms. Full context modelswere
usedto sggmentthe residualsignalsat the HMM statelevel.
Pulsetrainswerederived from pitch marksandeventually op-
timized for the residualsegmentsthroughthe procedurede-
scribedin [5]. Residualsegmentswere then clusteredusing
the proceduredescribedn Section3.2. The MDL criterionas



Table2: Numberof terminalnodesat the endof the clustering
processfor the systemsubmittedto tasksEH1, ES2and ES3
(Systeni), andsystensubmittedo taskEH2 (Systen2). Num-
ber of logical modelss 362515and 38490 respectively

HMM state H S S, S3 Sy Sg Total

Systeml ‘ 51 51 48 51 10 211
System2 19 31 32 30 23 135
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Figure2: Ljnc for ead splititerationfor HMM statesS; to Sa.
Top: systensubmittedto tasksEH1, ES2and ES3(Systent).
Bottom: systensubmittedo taskEH2 (Systen?).

shavn in Section3.2.4wasusedto stoptreegrowth. In orderto
assurahattraining of thefull databas@oicewould be nished
on time, only pentaphonend silencerelatedquestionswere
utilized for the clusteringprocess Oncestatesverede ned as
terminal nodesof the obtaineddecisiontrees,voiced and un-
voiced lters for excitation modelsof Systeml and System2
werecalculatedusingthe proceduradescribedn [5].

Figure 2 shaws the evolution of L, given by (31) for
HMM statepositionsf S1;:::; Sag at eachsplit step,for sys-
temsl and2. It canbeseerthatL inc decreaseastreesgrows,
althoughsomeoutliersoccur probablydueto theclusteringap-
proximationsof Section3.2.3. Table 2 shawvs the numberof
terminalnodesatthe endof the process.

Figure3 shaws 3-D plotsof impulseresponsesf H (z) of
the achieved excitation models,and excitation modelstrained
by the corventional phonetic decision trees approach,used
in [2]. It canbenoticedthat Iters of Systeni obtainedhrough
theproposedilgorithmachiere corvergencemorethanthecon-
ventionalmethod.This shaovsthattheclusteringwassuccessful
in groupingsimilar residualsegmentsunderthe samecluster
However, the sameresultwasnot achieredfor Systen?.

5. Systemperformance

The BC2009 evaluated the submitted systemsunder three
main cateyories: (1) naturalness(2) similarity to the original
spealer; and(3) word error rate of semanticallyincorrectsen-
tenceq[15]. Aside from those,a new criterion was createdto
evaluatetask ES3, which correspondedo an appropriateness
deggreeof the synthesizedpeechasanswergo somespeci ed
questionsn acorversationadomain.

5.1. Listening testresults

All the box plots shawvn in this sectionrepresenthe opinions
of Englishnative spealers paid to conductthe listeningtests.
Figure 4 shavs naturalnesscoresfor the systemssubmitted
to tasksEH1 and EH2, whereagrigure 5 shaws the scoresof

appropriatenessf the synthesizegpeectfor the systemsub-
mittedto taskES3. It canbe seenthatthe resultswerereason-
ably goodfor Systemil, submittedto EH1 and ES3, whereas
Systen? did not achieve the expectednaturalnesscorein task

- A S K I B L H [} O J
System
Figure4: Naturalnessscoresaccoding to paid nativespealers

for systemsubmittedo tasksEH1 (top) and EH2 (bottom).

EH2. Figure 6 shows the degreesof similarity to the original
spealer for tasksEH1 and EH2, whereit canbe noticedthat
our systemsperformedbelov average. Figure 7 shovs WER
for systemsubmittedo tasksEH1 andEH2. The NICT system
achievesthe bestperformancdor taskEH1 whereaghe result
for taskEH2 wassurprisinglybelov whatwe expected.

¢H b e

~Nj e L4 4 - L4 - 4

[t}

-
ASKIBLHCOJ DERQPWMTU
System

Figure5: Appropriatenes®f thespeeb synthesizetly systems
submittedto task ES3as answes to somespeci ed questions,
accodingto paid nativespealers.

5.2. Discussionon the performance

In average, accordingto the of cial results, Systeml (full
databaseperformedbetter than System2 (ARCTIC subset)
This fact did not happenfor the systemwe submittedlast
year[2], which achieved similar performancedespitethe dif-
ferencein datasize. Perhap®ur top-davn clusteringapproach
for lter statede nition worked betterfor Systeml dueto its
greateramountof training data. This canbeinferredfrom Fig-
ure 3 wheretheimpravementfor Systeni is moreevidentthan
the improvementobtainedfor Systen®, whencomparedwith
the baselinemethodfor statede nition. Lastly, we facedsome
problemsto synthesizesometestsentencesisingthe released
Festial utteranceles. Maybeit would have beenmoreappro-
priateto generatdull contet labelsdirectly from text.
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Figure 3: Impulseresponse®f voiced lter s H, (z) derivedusing state con gurationsyieldedby the proposedresidualclustering
algorithm and by the baselinephonetictreesmethod. Respectivelffrom left to right, lter s calculatedusing: full databaseand
proposedalgorithm, full databaseandphonetictrees ARCTICsubsetnd proposedalgorithm,and ARCTICsubsetand phonetictrees.
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Figure 6: Similarity scoesaccoding to paid native spealers
for systemsubmittedo tasksEH1 (top) and EH2 (bottom).

6. Conclusion

This paperdescribedheNICT entryfor the BlizzardChallenge
2009. Accordingto theresults the systemachievedfair results
in termsof naturalnesssimilarity andintelligibility. Thediffer-

encein performancdor tasksEH1 andEH2 wasconsiderable.
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