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ABSTRACT

The purposeof a voice corversion(VC) systemis to changethe
percevedspeakridentity of aspeectsignal.In this paperwe pro-
posea new algorithmbasedon corverting the LPC spectrumand
predictingtheresidualasafunctionof thetargetenvelopeparame-
ters.We conductisteningtestsbasedn speakr discriminationof
same/diferencepairsto measurehe accurag by which the con-
vertedvoicesmatchthedesiredargetvoices.To establisithelevel
of humanperformanceasa baseline we first measurehe ability
of listenergto discriminatebetweeroriginal speectutterancesin-
derthreeconditions:normal,fundamentafrequeny andduration
normalized,and LPC coded. Additionally, the spectralparame-
ter corversionfunctionis testedn isolationby listeningto source,
target, andcorvertedspeakrsasLPC codedspeech.Theresults
shaw thatthe spealkr identity of speectwhoseLPC spectrumhas
beenconverted canbe recognizedas the target spealer with the
samelevel of performancesdiscriminatingbetweenLPC coded
speech.However, the level of discriminationof corvertedutter
ancesproducedby the full VC systemis significantlybelav that
of spealker discriminationof naturalspeech.

1. INTRODUCTION

Thegoalof voiceconversion(VC) is to modify a source speakr’s
utteranceo soundasif atarget speakrhadspolenit. Its usesin-
cludecustomizatiorof text-to-speectsystemge.g., to speakwith
adesiredvoice or to readout emailin the senders voice),aswell
asentertainmenéndsecurityapplications.To measurehe perfor
manceof aVC system the outputmustbe evaluatedby listening
tests,especiallywhenconsideringnaturalnessandspealkr recog-
nizability (definedasthe degreeby which listenerscanrecognize
the corverted voice as the target voice or discriminatebetween
them).

There are several shortcomingsin the previously published
methodologie®f evaluatingVC systems.Often, distortionmea-
suresor statisticaltestsareused,which by themselesareinade-
quatefor a signalthatis meantto be heardby a human.Whenlis-
teningtestsareconductedthey aretypically small-scaleandcon-
tain only a few source/taget combinations.In addition, it is very
difficult to compareresultsacrossdifferentworks, becausevery
approachusesa different(oftenproprietary)speectdatabase.
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In this paper we proposea morerigoroustestingframework,
in which we startwith a corpusespeciallydesignedor the pur
posesof VC training. The designand creationof this corpus,
plannedfor public releasejs describedn Section2. In Section
3, we establishthe degreeby which listenerscandistinguishdif-
ferent speakrs in the corpusundervarious conditions, using a
same/diferent sentence-pailistening test. The resultsare used
to definea baselineagainstwhich conversionresultscanbe com-
pared.In Section4, the conversionfunction responsibldor map-
ping LPC parameterss tested. Using the listening testdesignof
the previous section,subjectsare asled to discriminatebetween
corverted,sourceandtamgetvoicesasLPC codedspeechln Sec-
tion 5, we proposea novel way of constructinga corvertedutter
anceby mappingparametersf a spectralervelopeandthenpre-
dictingtheresidualfromit. Thisis in contrasto otherapproaches
which transformthe residual.We presenthe algorithmandtestit
in our listeningtestframework.

2. SPEAKER DATABASE

The systematidraining and evaluationof a VC systemis facili-

tatedby using a speechdatabasehat offers recordingsof mary

differentpeopleproducingthe samesentencesOur goal wasto

designand develop a speechdatabasehat containeda “phoneti-
cally rich” setof sentenceproducedby multiple spealers. Addi-

tionally, the recordingprocedurevasdesignedo resultin a natu-
rally goodtime-alignmenbetweerthesamesentencesf different
speakrs,which allowsfocusingonresearctof thesegmentalcues
relatedto speakr identity asopposedo prosodiccues.

To selecttext that would provide coverageover the acousti-
cal spacewe ranagreedyalgorithmon thelist of sentencefrom
theTIMIT andHanarddatabase&total of 1170sentences)Our
selectioncriterion maximizedthe numberof occurrence®f rare
phonemeswhile includingasmary uniquediphonesaspossible.
Usingthetop 50 sentencessachphonemewvasrepresentedn av-
eragedlandatleastl? times;the numberof uniquediphonesvas
693.

First, a recordingof a template speaker readingthe selected
sentencewasmade.Then,weinvited 5 maleand5 femaleAmer-
ican English speakrs, living in the US Pacific Northwestsince
childhoodand betweenthe agesof 21 and 29, as corpus speak-
ers. During a recordingsessionthey were asled to listento a
templatesentencewhosetext wasalsodisplayedon a screenpe-
fore beinginstructedto mimic thetiming andaccentuatiopattern
(but not pitch or voice quality) of thatsentencen their own. The



speechandlaryngographsignalswererecordedat 22 kHz/16 bits
in a professionakound-boothusinga high-quality headseton-
densemicrophone.The entire databasevas force-alignedusing
the CSLU Speechroolkit [1]. Time markerswerecreatedor each
speechutterancetthebeaginningof anew HMM state(upto 3 per
phoneme). The laryngographtrack was processedo yield pitch

mark estimates.Both the time markers andthe pitchmarkswere
verifiedandcorrectednanuallyfor a high degreeof accurag. An

analysisof thetime markersshavedthatthe averagesentencelu-
ration differencesbetweenmimicking spealers and the template
speakr werelessthan0.2%.

3. SPEAKER DISCRIMINATION BASELINE

In this section,we measurehe degreeby which listenerscandis-
tinguish different spealers of the corpus. The level of discrimi-
nationcanbeviewed asa baselineagainstwhich later VC results
canbe compared. Additionally, the databasdendsitself to dis-
coveringtrendsin therelative contritutionsof intonation,average
fundamentafrequeng (F0), timing, andspectradetailto spealkr
recognizability For thesepurposeswe designeda listeningtest
with thefollowing threeconditions:

1. Natural: Theunprocessedyriginalutterancein whichspea-
ker-specificintonationandtiming characteristicsloselyre-
semblethoseof thetemplatespealer.

2. FOanddurationnormalized:The durationsandF0 of con-
dition 1 were processedising PSOLA to yield a generic
durationandFO evolution. This wasaccomplishedby “av-
eraging”FO0 anddurationsof eachsentencdrom spealkrs
of the samegender Pitch, jitter, anddurationinformation
contributing to spealker discriminizationis thuslost. Lis-
tenerscanonly make useof the short-termspectrunto dis-
criminatespealers.

3. LPC spectrum:We performeda 22™? orderLPC analysis
on condition 2 and synthesizedutterancesusing only the
LPC spectrum. Listenersmust perform spealr discrim-
ination basedon the simplifying assumptionof the LPC
model,oneof themostsignificantof whichis thatthe phase
spectrumis minimum phase(exceptfor urvoiced sounds
whererandomphasewas substituted). The speechhasa
codedquality.

A same/diferenttaskwaschoserfor thelisteningtest,similar to
[2]. Inthistypeof task,listenersareplayedtwo differentsentences
andareasled whetherthey thoughtthe sentencesverespolen by
eitherthe sameor by two differentspeakrs. Thelistenersselected
werecompletelyunfamiliarwith thespealers,sinceit is difficult to
measureor control the degreeof familiarity. Spealer discrimina-
tion by humanshasbeenshavn to be moreaccuratehanspealer
recognition, whichis subjectto memorylimitations[3], andwhich
canbesignificantlyaffectedby the specificcompositiorof asmall
speakr set[4]. Male andfemalevoiceswere testedseparately
becausénter-sex confusiongarelyoccur(for examplesee[5]).
The following were additionaldesigncriteria. Balance: the
stimuli werebalancedn regardsto genderthe numberof “same”
and“dif ferent” pairs,andthe numberof trials percondition. Con-
sistency: the samespealer and sentencecombinationswere de-
liveredfor eachlistener Maximum variability: a spealkr never
repeatghe samesentenceduring the entire test. Minimum bias:
the orderof sentencesandthe order of presentatiorof A andB

| Condition/ Experiment | Males | Females |
1: natural 84 (81-88) | 95(92-98)
2: FOanddurationnormalized | 83(79-87) | 89 (85-92)
3: LPCspectrum 71(65-76) | 88(84-91)
LPC map 73(69-77) | 87(83-90)
LPC map+ residualprediction | 74 (70-78) | 84(80-87)

Table 1. Resultsof the perceptualisteningtests. Shown is the
percentcorrectdiscriminationof speakrsaveragedover listeners
andtrials. The 95%confidencenterval is in parentheses.

within a trial wererandomized.Minimum learning of voices: the
orderof genderpresentatiorwas switchedfrom oneto the other
to slow down thelearningof thevoices.Also, the conditionswere
presentedn sequencdrom 3 to 1 to delaythe disclosureof full
voice characteristicasmuchaspossible.

The averageresultsof 16 listenerswho eachheard120 sen-
tence-pairsredisplayedn Tablel. As expectedthe averagedis-
criminationperformancencreasedismoreinformationwasmade
available in the speechsignal. The differencein discrimination
betweerconditions3 and2 is significantfor the setof malespeak-
ers,andbetweer? and1 for thesetof femalespealers(a = 0.01).
The significantincreasen discriminationfor maleswhenadding
informationin theform of thecomplex LPC residualsuggestshat
VC systemanustbedesignedo be capableof producingspectral
detailsnot foundin the LPC spectrum.This issueis addresseth
Sectionb.

4. LPC SPECTRUM MAPPING

Therearetwo critical partsof a VC algorithm: the modelandits
parameterdy which speechs modifiedto changethe perceved
speakridentity, andthefunctionwhichis trainedto predicttarget
parametergrom sourceparameters.The model andthe corver
sion function have to be matchedcarefully to the taskand avail-
abletrainingdata. Themodelmustbeeffective in producingtarget
speechaturallyand accurately;at the sametime the corversion
functionmustbeableto learnthesource/tagetparameterelation-
shipfromthetrainingdata.In this sectionwe aimatevaluatingthe
performancef the conversionfunctionin isolationby listeningto
bothnaturalandconvertedsentenceasLPC-codedspeech.

A numberof VC algorithmsin the literaturehave focusedon
corvertingthe spectralerveloperepresentetly atype of LPC pa-
rameter In oneof the earliestapproachesparametersvere con-
vertedusingavectorquantizatior(VQ) approach6]. Thediscrete
natureof this mappingwasimproveduponin [7] by usinga Gaus-
sianMixture Model (GMM) within the framework of a sinusoidal
synthesizerIn our earlierresearchye mappedBark-scaled.ine
SpectralFrequenciegLSF) by usinga GMM that was estimated
usingajoint-densityapproachgreatingthe corvertedutteranceby
meanf aresidualLPC synthesize(8].

During featureextraction, we first perform a pitch-synchro-
noussinusoidalanalysisover 2 pitch periods. The discretemag-
nitude spectrumis upsampledand warpedusing the bark scale.
Then,anapplicationof the Levinson-Durbinalgorithmon the au-
tocorrelationsequenceields LPC filter coeficients[9]. It isim-
portantto notethata certainamountof excitation informationis
presentin the LPC filter. Finally, the LPC filter parametersare
corvertedto LSFs,which have morefavorableinterpolationprop-
erties. For the purposeof training, the featuresare time-aligned



with the aid of the time marler informationandsilencesarere-
moved. Thefinal databasegontainingapproximatelyl6,000vec-
torsfor eachspealer, is splitinto training (sentence4-40)andtest
(sentenced1-50)sets.

The training and conversion proceduregollow our previous
work closely pleasesee[8] for details. First, the sourceandtar
getvectorsarejoinedto form a new vectorspacea GMM of this
spaceis estimatedby the Expectation-MaximizatioEM) algo-
rithm, initialized by a generalized._loyd algorithm[10]. After the
log-likelihood stabilizes,a regressionis performedwhich calcu-
latesthe linear transformationcomponentof the locally linear,
probabilisticconversionfunction.

Therearetwo free parametersn the training procedure the
numberof mixture componentg) anda scalare. The latterrep-
resentgthe magnitudeof a perturbatioraddedto the diagonalele-
mentsof thecovariancematricesateachiterative estimatiorfor the
purposeof regularization.The choiceof theseparameterss prob-
lematic,becausét is difficult to objectively measurespeechjual-
ity andspeakr accurag. A spectralmeansquarederror (MSE)
measuren thetestsethada weakrelationshipto the desiredout-
come. For example,when @ wastoo high, the temporalevolu-
tion of theresultingspectracontainedmary discontinuitieseven
thoughthe MSE waslower thancomparedo theresultsproduced
by a lower Q. An alternatve measurds the signalto noisera-
tio (SNR), wherethe signalis definedasthe convertedsentence,
andtheerrorbetweernt andthetargetsentencés definedasnoise.
Thisapproactseemedo relatebetterwith thedesiredspeechyual-
ity of the output, as verified by an informal listeningtest. The
final choiceswere@ = 6 ande = 0.0001. The factthat the
optimal numberof componentwas so low (comparedo earlier
work) suggestghat the mappingperformedbestwhen applying
very broadtransformationgo the sourcevectors,which may in-
dicatethat therewere not enoughdatato reliably estimatemore
componentsand/orthe datawere “noisy” dueto time-alignment
problemsduringtraining.

During the conversionprocessthe sourcespeectile is ana-
lyzed,its featuredransformedy the conversionfunction,andthe
targetmagnitudespectrunenvelopeis calculatedy evaluatingthe
predictedLPC systemfunction, from which the cornvertedspeech
is synthesizedising a sinusoidaloverlap/addsystem. The LPC
systemphaseis usedduring voiced segmentsandrandomphase
duringurvoicedsegments.

To evaluatethe mappingperformancewe conducted listen-
ing testsimilar to Section3, exceptwe werenow interestedn the
ability to discriminatebetweenthe corverted spealers and their
respectie sourceandtamget speakrs, which werereproducedy
thesamelLPC synthesizeusedduringcorversion.In this manner
listenerscould only make useof differing featureinformationfor
discrimination. It shouldbe notedthat this testis very different
from the corventionalABX test,whichis basedn forced choice:
listenersareto decidewhetherthe convertedutteranceds closerto
the sourceor to thetargetspeakr. The latter casedoesnot imply
thatthe corvertedspealr cannotbe distinguishedrom thetamet
speakr; thus,the speakr mayin actualitynotberecognizable.

Resultsfrom 12 listenersof the original listening group can
be foundin Table1l. The speakr distinction performancecom-
paresfavorablyto thatof condition3. This demonstratethatthe
corversionfunctionis effective in producinga changen speakr.
However, somedegradationof the speectsignaloccurred nhotice-
ableasa muffling effect.

5. RESIDUAL PREDICTION

Clearly, signaldetailsbeyond the LPC ervelopecontritute to the
naturalnesof speechand may also containvital spealer infor-
mation, apparentin the test resultsin Section3 for the set of
male speakrs. To addresshis, several authorsproposedways
of improving VC beyond changingthe LPC spectralervelopeby
alsochangingthe LPC residual.In [11], the authorsformulateda
codebook-basetnlansformatiorof the sourceexcitationcharacter
istics by usinga weightedcombinationof codevord filters, which
werederivedfrom the averagesourceandtargetcodavord excita-
tion spectraln [12], theexcitationis modeledby alongdelayneu-
ral netpredictorwhoseparameteraremappedbasedon the max-
imum occurrencen a 2D histogramof vector correspondences.
Thereexist alsoapproachebasedn estimatingandmodelingthe
glottal sourcefor examplein [13] the voicetype of a speakr can
be convertedbetweermodal,breathy or crealy.

In contrastto transforming an excitation waveform, we pro-
posea methodin which we predict the target residualfrom LPC
parametersluring voiced speech.The underlyingassumptiorof
this approachs thatfor a particularspealker andwithin somepho-
netically-similarclassof voiced speechthe residualsare similar
and predictable. Specifically the residuals magnitudespectrum
containserrorsmadeby the spectralervelopefit (e.g., zerosdur-
ing a nasal),andthe phasespectrumcontainsimportantinforma-
tion aboutthe naturalphasedispersionof the signal, as opposed
to the minimum phaseassumptiorof the LPC model. Another
way of viewing this approachis asa speecttoderwith a spealkr-
dependenéxcitationcodebook.

Duringtraining of theresidualpredictionmodule,a LPC cep-
strumrepresentatioof all availablevoicedsegmentsrom thetrain-
ing setis clusterechy a GMM with 32 mixturecomponentsEach
cepstralvector hasa residualcomplex spectrumassociatedvith
it; the residualmagnitudespectrumis calculatedby subtracting
the LPC log-magnitudeervelopefrom the original log-magnitude
spectrumwhereashe residualphasewasgiven by the difference
betweenthe LPC systemphaseandthe original phasespectrum.
To male the codevords pitch-independentthe original residual
vectorswereupsampledo acommonengthusinganearest-neigh-
borinterpolationscheme.

For eachclass theresidualcodevord is calculatecasfollows:
The magnitudespectrumis calculatedby a weightedmeanof all
magnitudevectors correspondingo the normalizedprobability of
belongingto that class;the phasespectrumis setto the centroid
phaseln thedecodingstagethe posteriofik elihoodof anincom-
ing cepstralvectoris calculatedand usedas weightsin predict-
ing the residualmagnitudeby a weightedmeanschemerom the
residualcodevords. Theresidualphasebelongingto theclasswith
maximumlik elihoodis chosenasthe predictedphase.After this
stagethephasesreunwrappedn time andsmoothedy a 8-point
FIR filter to reduceaudibleartifactsdueto suddenchangesn the
residualphase Finally, theresidualspectrums addecdto the LPC
spectrakervelope(seeFigurel).

Theresiduapredictionmodulewastestedby synthesizingen-
tencesfrom their original spectraparameterenly andwasfound
to produceanoutputnearlyindistinguishabldrom the original in
informallisteningtests.

We integratedthe modulewith the spectralmappingsystem
andalsoaddeda laststagein which the meanandvarianceof the
sourceF0is modifiedto matchthatof thetargetF0. Thegenerated
corversionsentencesvere comparedo the original speechwave
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Voice conversionalgorithmbasedn corverting the LPC spectrumandpredictingthe residualfrom thetarget LPC parameters.

files of the sourceandtargetspeakr in alisteningtestin thesame
formatasdescribeckarlier

Theresultsof thelisteningtestin Table1 shawv thatthelevel
of discriminationis significantlybelow thatof thebaselingor nat-
ural speechutterancesvithin the spealkr databaseAt first it may
seemsurprisingthat the level of discriminationdroppedslightly
ascomparedo the previous experiment. While it is true thatthe
corverted utterancescontainmore spealkr information than be-
fore, they arealsocomparedagainsiaturalwaveforms,whichin
turn alsocontainmary morespealkr identity cues.The neteffect
is that the task had becomemore difficult. Theseresultscanbe
consideredasa performancendicatorof the “real world” taskof
mimicking anothethumanwith precision.

6. CONCLUSION

We have proposeda new VC algorithm basedon predictingthe
LPC tamet residualfrom the tarmget spectralenvelopeinsteadof
transforminghe sourceresidual.To evaluatethelevel of accurag
by whichthealgorithmcanconvertvoicessuchthatthey areindis-
tinguishablefrom the targetvoice, a listeningtestwas performed
andtheresultscomparedvith theappropriatdaseline Thelisten-
ing testwasbasedn a same/diferentsentence-paimethodology
usingcombinationsof 5 maleand5 femalespealkrs. In another
listeningtest, the cornversionfunction implementingthe transfor
mation of LPC parametersvastestedin isolationby listeningto
sourcetarget,andcorvertedvoicesasLPC codedspeech.

Theresultsshav thata GMM cansuccessfullytransformthe
spectrakrvelopeof asourcespealerto berecognizedisthe spec-
tral ervelopeof atarget speakr. Whencomparingcorvertedut-
terancesvith naturalwavefiles,discriminationis still significantly
lower than amongnaturalsamples. Additionally, the quality of
corvertedspeecthis degraded.We speculatéhatimprovementso
thespeechyuality canbemadein makingchangeso themannein
whichthespectramappingis trainedto preventproblemsthatoc-
cur whenthe time-alignmenis lessthanperfect. Anotherareaof
researchis the optimal selectionof mixture componentandLPC
orderin theresidualpredictionmodule,aswell asa morereliable
way of extractingresidualphasecodavords.

A selectiorof theaudiofiles usedin this paperareavailableat
http://cslu.cse.ogi.edultts.
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