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ABSTRACT

The quality of unit selectionbasedcorcatenatie speech
synthesisnainly dependson how well two successie units
canbe joinedtogetherto minimise the audilde discontirnu-
ities. The objectve measuref discorinuity usedwhense-
lecting unitsis known asthejoin cost. Theidealjoin cost
will measue perceived disconinuity, basedon easilymea-
surablespectrapropertiesof theunitsbeingjoined in order
to ensuresmoothandnatual-soundhg syntheic speechin
thispape we describeaperceptal expaimentcondictedto
measurehe correlationbetweersubjective humanperep-
tion and various objective spectrallybasedmeasurs pro-
posedin the literature Also we reportnew objective dis-
tancemeasureserived from variows distancemetricsbased
onthesespectrafeatues,whichhave goodcorrdationwith
human percepion to concateationdiscontinuities. Our ex-
perimens usedastate-oftheartunit-selectio text-to-speech
system:r\oice from RhetoricalSystemd.td.

1. INTRODUCTION

In unit-selectionbasedspeechsynthesissystems synthe-
sisedspeechs praoducedby con@tenatingspeechunits se-
lectedfrom large databasegontainng mary instancesof
eachspeechunit, with variedprosodicandspectralcharac-
teristics. Henceit is possibleto synthesisamore natural-
soundng speech. The selectionof the bestunit sequence
from the databasés basedon a comhination of two costs:
targe cost (how closely candidate units in the inventory
matchthe required targets)andjoin cost(how well neigh-
bouiing unitscanbejoined)1]. The optimalunit sequence
is thenfound by a Viterbi searchfor the lowest castpath
through thelattice of thetarget andconcateationcosts.
Theidealjoin costis onethat,althowgh basedsolelyon
measurale propeties of the canddateunits, suchasspec-
tral parametes, amplitude and FO, correlateshighly with

human percepion of discontiruity atunit concateationpoirts.

A few recentstudieshave attemptedto determire which
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objectie distancemeasuresre bestable to predictaudi-
ble discontinities. Klabbersand Veldhius[2] examired
variows distancemeasure®n five Dutch vowels to redwce
the concateation discontinuties in diphone synthesisand
foundthattheKullbackLeiblermeasurenLPC powernor
malisedspectravasthe bestpredctor. A similar studyby
WoutersandMacon[3] for unit selection,shovedthatthe
EuclideardistanceonMel-scaleL PC-baseaepstraparam
eterswasa goad predctor, andutilising weighteddistances
ordeltacoeficientscouldimprovethepredction. Stylianau
andSyrdal [4] found thatthe Kullback-Leible distancebe-
tweenFFT-basedpower spectrahad the highest detectim
rate. Donovan[5] propeseda new distancemeasue which
usesa decisiontree basedcontet depenlentMahalambis
distancebetweerpereptualcepstralvectos.

All theseprevious studiesfocusedon humandetectim
of audiblediscontinuities in isolated words generatd by
concateative syntheisers. We extenced this work to the
caseof polysyllabic words in natural sentences andnew
spectrafeaturesMultiple CentroidAnalysis(MCA) coef-
ficients[6]. But we foundthatno single distancemeasure
perfom well for all casesln this paperwe reportnew dis-
tancemeasurewhich correlatewell with humanperceptio
to the conatenationdiscontiniities. Theseare weighed
sumsof the distancemetricsof various spectrafeatures.

2. PERCEPTUAL LISTENING TESTS

A listeningtestwasdesigredto measue the degreeof per-
ceived concateationdiscortinuity in naturalsentencegen-
eratedby the stateof theart speechsynthesisystemusing
anadut North-Americanmalevoice.

2.1. Test Design & Stimuli

A preliminary assessmeritdicatedthat spectraldisconti-
nuities are particdarly promirent for joins in the middle
of diphthongs, presunably becausehis is a poirt of spec-
tral chan@ (due to moving formantvalues). This study
therefoe focuseson suchjoins. Previous studieshave also



shawvn that diphthongs have highe discontiruity detection
ratesthanlong or shortvowels[7].

We selectedwo natual sentencefor eachof five Amer-
ican Englishdiphthongs (ey, ow, ay, aw andoy) [8]. One
word in the sentencesontaired the diphthongin a stressed
syllable. Thesentencearelistedin Tablel.

diphthong | sentences

ey More placesarein the pipeline.

The governmert sough authaization of
his citizenship.

ow Europeansharegesistglobal fallout.
The speechsymposium might begin on
Monday

ay Thisis highly significant.

Primitive tribeshave anupbeatattitude.
aw A large household needslots of appli-
ances.

Every pictureis worth athousandwords.
oy Theboy wentto play Tennis.

Never exploit the livesof theneedy

Table 1. The stimuli usedin the expeliment. The syllable
in bold contairs thediphthang join.

Thesesentencewerethensynthesisedsingtheexperi-
mentalversionof r\oice speectsyntheis system.For each
sentenceve madevarious syntheticversions, by varying
thetwo diphonecanddateswhich make the diphthongand
keepingall the otherunitsthe same.We removedthe syn-
theticversiors which wereworseat thejoins of neighbour
ing phanesof thediphthong The remairnng versiors were
further pruredbaseddntargetfeatuesof thediphanesmak-
ing the diphthong to ensue similar prosaly amongsyn-
theticversiors. This procesgesultedn arourd 30 versiors
with variationin corcatenatiordiscontinuties at the diph-
thongjoin. Theauthos manually selectedvhatthey judged
to be the bestand worst syntheticversians by listeningto
these30 versiors. This proesswasrepeatedfor eachsen-
tencein Tablel.

2.2. Test Procedure

Therewerearownd 17 participarts in our pereptuallisten-
ing test,mostof themwerePhDor MSc studentsvith some
expelienceof speectsynthesis.Most of themwerenative
spealersof British Endish.

Subjectswerefirst shavn the written sentencewith an
indicationof which word containsthe join. At the startof
the testthey werefirst presentedvith a pair of reference
stimuli: onecontainiry thebestandtheothertheworstjoins
(asselectedby the authas) in orderto setthe endmints of
a l-to-5 scale.Subjectscouldlistento thereferancestimuli
asmary timesasthey likedandthey couldalsoreview them

atreguar intenals(for every 10teststimuli) throughaut the
test.

They were then playedeachtest stimulusin turn and
were asled to rate the qudity of thatjoin on a scaleof 1
(worst)to 5 (best).They couldlistento eachteststimulusup
to threetimes. Eachteststimulusconsistedf first theentire
sentencethenonly the word containirg the join (extraced
from thefull sentencenotsynthesisedasanisolatedword).

Thetestwascarriedoutin blocks of around 35teststim-
uli, with one block for eachsentenceén tablel1. Subjets
couldtake aslong asthey pleasedver eachblock, andtake
restsbetweerblocks. Eachtestblockcontanedafew dudi-
cationsof someteststimuli to validatethe subjectsscores,
asexplainedin Sectior4.

3. WEIGHTED DISTANCE MEASURES

We usedthree parametasation of the speectsignal, Mel
Frequegy CepstralCoeficients (MFCCs), Line Spectral
Frequegies(LSFs)andMultiple CentroidAnalysis(MCA)
coeficients[9] respectidly. A distancemeasureébetween
two vectos of suchparametes canusevariousmetrics:Eu-
clidean,Absolute KullbackLeibler or Mahalandis.

From our previous study [6], it is clearthat no single
distancaneasureomptedonvariows spectrafeaturegper
formswell for all cases.Onesolutionto this would be to
usephore-specificobjedive distancemeasuresBut, to de-
cidewhichdistancenmeasur¢o usefor eachphoremewould
require large amouwnts of percepual data. However, our
preliminay studiesshaved that a weightedsum of these
variows distancegesultsin bettercorreldions compaedto
thoseobtainedromindividual distancesAlso, we obsered
thatusingdeltacoeficientsin distancemetricsdoesnotim-
prove correlatis. Hence ,we usedotherspectralparane-
tersinsteadof consicringdeltafeaturedo maintainalmost
samefeatue vectorsize.

Consider the weighteddistanceas shavn in the equa-
tion below,

N
Y wixDi(ej,s;) =L; Vi @D
i=1

where,w; is weighton distance(D;) betweentwo feature
vectors,e; ands;, L; is the meanlistenerrating. The set
of equatioms is overdetermired (more equationsthanun-

knowns) if j > 4, jistheindex (1 < j < M) of ajoin

in the percepual expeiimentresults. Then weightscanbe
compuedby solvingthis matrix shavn below,

A-w=1 )

whereA is M-by-N distancematrixandl is thecolumnvec-
tor {Ly,---, Ly }. We usedstandardeast-squasmethal
to find w.



4. RESULTS AND DISCUSSION

In Table2, we presenthe nunberof subjectsor eachsen-
tenceandthe nunberof subjectsvith morethan50%con-
sisteng in ratingthejoins. Theconsisteng of subjectsvas
measurean a validationset,which we included in thetest
stimuli for eachsentence Thenmeanlistenerscoresvere
computed only for the subjectswith more than50% con-
sisteng in ratingthejoins. Also, we manually checledall
thelistenergatings, andremovedthelistenerscoreswith all
samerating(e.gall ‘1's) duiing meanlistenercomputation.

no. of subjects| corsistentsubjects
ey 13,14 11,8
ow 11,13 6,7
ay 17,11 9,6
aw 11,13 11,10
oy 13,14 6,6

Table 2. Consisteng of subjectsin listeningtests,each
numterin apaircorrespongdto thesentencslistedin Table
1.

4.1. Weighted distances of all threefeatures

Table3 summaisescorrelationsof absolte distancedased
on MFCCs,LSFsandMCA coeficients andtheirweighted
sumwith meanlistenerratings. Thecorrelatian coeficients
above the 1% significantlevel arehighlighted. Theweights
usedfor MFCCs,LSFsandMCA coeficientsare0.13,0.03
0.84respectiely. Thecorrelationcoeficientsof Euclidean

mfcc | Isf | mca | weigheddist.
ey | 0.28 | 0.14 | 0.29 0.31
0.64 | 0.64 | 0.58 0.65
ow | 0.32|0.37] 0.12 0.29
051 | 0.34| 0.39 0.49
ay | 0.34 | 0.12| -0.06 0.26
0.65 | 0.59 | 0.50 0.65
aw | 0.42 | 0.22 | 0.37 0.48
0.72 | 0.76 | 0.73 0.74
oy | 0.02 |0.13| 0.28 0.09
-002 | 0.04| 0.03 -0.01

Table 3. Correlationbetweenperceptal scoresand ab-
solute distancesof MFCCs, LSFs, MCA coeficients and
weightedsumof above threemeasures.

distancemeasureof all three spectralfeatues and their
weightedsumwith meanlistenerratingsarereportedn Ta-
ble 4. Weightsusedare0.15(MFCCs),0.35(LSFs)and0.5
(MCAs).

mfcc | Isf | mca | weighteddist.

ey | 0.27 | 0.06 | 0.31 0.27
0.60 | 0.63 | 0.59 0.64
ow | 0.31 | 0.4 | 0.07 0.29
053 | 0.41 | 0.37 0.51
ay | 0.32 | 0.15 | -0.04 0.25
0.63 | 0.58 | 0.55 0.65
aw | 0.40 | 0.3 | 0.48 0.47
0.74 | 0.77 | 0.74 0.76
oy | -0.00 | 0.6 | 0.32 0.08
-0.01L | 0.01 | 0.01 0.00

Table 4. Correlationbetweenpercetual scoresand Eu-
clideandistanceof MFCCs, LSFs,MCA coeficientsand
weightedsumof above threemeasurs.

mfcc | Isf mca | weighteddist.
ey | 0.21 | 0. | 0.32 0.31
0.66 | 0.64 | 0.55 0.64
ow| 031| 0.3 | 0.17 0.25
056 | 0.3 | 0.46 0.53
ay | 0.39 | 0.2 |-0.02 0.18
0.66 | 0.64 | 0.53 0.63
aw | 0.34| 0.3 | 0.39 0.44
0.77 | 0.78 | 0.77 0.79
oy | 0.17 | 0.12 | 0.21 0.23
-0.01| -0.01 | 0.06 0.03

Table 5. Correlationbetweerpercepual scoresandMaha-
lanobisdistancesof MFCCs, LSFs,MCA coeficientsand
weightedsumof above threemeasurs.

From Table4 it is evidert that we canimprove corre-
lations by settingweightson individual distancesg.g ow
has good correlation for MFCCs, similarly MCA coefi-
cientsyield bettercorrelatiors for aw. However, weighed
measureachieses goad corrdationsfor both the cases.In
Table5 we preseh correlationsbetweernperceptal scores
andMahalandis distance®f MFCCs,LSFsandMCA co-
efficients and their weightedsum. The weightsusedare
0.39MMFCCs),0.0(LSFs)and0.61(SFs).

4.2. Weightson MCA parameters

We found thatMCA coeficients have higher weightscom-
paredo MFCCs.Also thesizeof theMCA featue vecta is
only 12 (includingdeltas)whereasMFCCsare26andLSFs
are24. Hencewe carriedoutafurtherexperimentin which
theindividual MCA coeficients wereweighted Theleast-
squaresnethoddid notyield goad solutionsin thiscase.So,
we randanly gereratedthe weightsandchecledthe corre-



lationsandchosethe oneswhich producemore 1% signifi-
cantcorrdations(i.e thosehighlightedin the tables).Table
6 shaws threedifferent setsof weightson MCA parame-
ters,andcorrespading correlationsobtaired are shavn in
Table7. Set2and3 producesseven 1% significantcorrela-
tions out of ten casesalsoachieved goad correlatios for
oy diphthong, which hasvery poor correlations with other
distancemeasurs(seeTables3,4,5.

MCA paraneter | setl | set2 | set3
F1 0.682 | 0.342 | 0.69
F2 0.18 | 0.828 | 0.18
F3 0.419 | 0.@26 | 0.54/
Bl 0.7 | 0.211 | 0.9
B2 0.1® | 0.520 | 0.5®
B3 0.6 | 0.87 | 0.2
El 0.251 | 0.242 | 0.2
E2 0.271 | 0.367 | 0.14
E3 0.0 | 0.019 | 0.08
DF1 0.1% | 0.198 | 0.838
DF2 0.211 | 0.211 | 0.5%
DF3 0.437 | 0.4 | 0.78

Table 6. Various weights used on MCA parametes,
Forman frequeng/(F), Bandwidh(B), Enegy(E), Delta-
Forman frequeng/(DF).

setl| set2 | set3
ey | 043 044 | 045
0.47 | 0.60 | 0.58

ow | 0.09| 0.19 | 0.1
045 | 052 | 0.49
ay | 0.04 | -0.@2 | 0.07

048 | 049 | 0.4
aw | 046 | 049 | 0.46
0.66 | 0.62 | 0.67
oy | 0.55 | 055 | 0.50
0.34| 0.39 | 0.44

Table 7. Correlationbetweenperceptal scoresandabso-
lute distancedbasedn weightedMICA coeficients.

5. FUTURE WORK

Furtherwork is needto tunetheseweights to achieve high
correldion for all casesAlso, moreperceptal expaiments
needto be carriedout to determire phanemespecificdis-
tancemeasures.

Thecompuationof join costandspectrabsmootling are
closelyrelated. Supposeif we hada large databaeanda

perfectmeasureof join costthenno smootling would be
required Corversely, if we couldsmoothjoins better then
themethodof compuing join would belesscritical. Hence
it would be optimalif we combinethesetwo operatios in

someoptimalway. Presentlywe areinvestigatinga single
representatio, which canbeusedfor join costcomputation
aswell assmootling.
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