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OverviewofLinearPredictiveCoding(LPC)(Roughlybasedonpartsof

Ch.8of“DigitalProcessingofSpeechSignals”byL.R.RabinerandR.

W.Schafer)

M.Hunt,D.Zwierzynski,andR.Carr,“IssuesinHighQualityLPC

AnalysisandSynthesis”.
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Somepeopleargueforadiscrete-timespeechmodelwhere:

•Inputsignalforvoicedspeechisanimpulsetrainwithimpulses

placedaccordingtopitchperiods.

•Inputsignalforunvoicedspeechisrandomnoise.

•Theinputsignalismultipliedbyagainfactor,G,whichmodifiesthe

overallamplitude.

•Theresultingsignalispassedthroughatime-varyingfiltertoproduce

thefinalspeechwaveform.
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InaLinearPredictiveModel,thetime-varyingfilterhasasteady-state

systemfunctionoftheform:

H(z)=
G

1−
∑

p

k=1akz
−k

Ifwecalltheexcitation(i.e.thepulsetrainorrandomnoiseinput)x(n),

thenitsrelationshiptotheoutputspeech,s(n),is

s(n)=

p
∑

k=1

aks(n−k)+Gx(n)
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TheproblemofLinearPredictiveAnalysisistodeterminetheparameters

ofsuchamodelgivenaspeechsignal.

Inpractice,thistendsto

•Givearelativelycompactrepresentation

•Handlemostspeechsoundswell(perhapsnotasgoodfornasals)

•Produceaparameterizationwhichincludesaseparatetermforthe

fundamentalfrequency
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Analysisisaccomplishedbyconsideringalinearpredictor:

s
′
(n)=

p
∑

k=1

αks(n−k)

anditspredictionerror:

e(n)=s(n)−s
′
(n)=s(n)−

p
∑

k=1

αks(n−k)

Ifthesignalisactuallygeneratedbymodelmentionedpreviously:

e(n)=

p
∑

k=1

aks(n−k)+Gx(n)−

p
∑

k=1

αks(n−k)

So,iftheαksarechosencorrectly,theerrortermissimplythegain

multipliedbytheinputsignal(impulsetrainforvoicedspeech,random

noiseforunvoicedspeech)
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Buthowdoyouestimatetheαksfromthespeechsignal?

Oneapproach(basisforAutocorrelationandCovarianceMethods):

•Considershortsegmentofspeechsignal(sotimevaryingparameters
arefairlyconstant)

•Attempttominimizethemean-squareerror(orequivalently,thesum
ofthesquarederrors)

Inthefollowing,usingthesubscript,n,correspondstoasegmentofthe
unsubscriptedsignal.Itsmeaningvariesindifferentapproaches.

En=
∑

m

e
2
n(m)

=
∑

m

(sn(m)−s
′

n(m))
2

=
∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

2
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MinimumMean-SquaredError

Set∂En/∂αi=0fori=1,2,...,p

∂En

∂αi

=
∂

∂αi

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

2

=0

=

∑

m

2

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

∂

∂αi

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

=2

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

∑

m

∂

∂αi

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

=2

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

∑

m

(−sn(m−i))

=2

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

(−msn(m−i))
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−2m
∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

sn(m−i)=0

∑

m

(

sn(m)−

p
∑

k=1

αksn(m−k)

)

sn(m−i)=0

∑

m

sn(m)sn(m−i)=
∑

m

p
∑

k=1

αksn(m−k)sn(m−i)

∑

m

sn(m−i)sn(m)=

p
∑

k=1

αk

∑

m

sn(m−i)sn(m−k)
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Nowdefinethefunction:

φn(i,k)=
∑

m

sn(m−i)sn(m−k)

whichlooksverysimilartotheAutocorrelationfunction–moreonthis

later...

Then,theminimummean-squarepredictionerrorleadstotheequations:

p
∑

k=1

αkφn(i,k)=φn(i,0),i=1,2,...,p
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Theseequationscanbeexpressedinmatrixformandvariousmatrix
symmetriescanbeexploitedtoimprovetheefficiencyofdetermininga
solution.
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Uptothispoint,thesummationrangeformandtheprecisemeaningof

thesubscript,nhavebeenleftunspecified.

Thesechoicesaffecttheefficiencyofsolvingtheequations.
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IntheAutocorrelationMethod,sn(m)=s(m+n)w(m),wherew(m)is

afinite-lengthwindowsuchthatsn(m)=0whenm<0orm≥Nfor

somewindowlength,N.

Thisleadsto:

φn(i,k)=

N+p−1
∑

m=0

sn(m−i)sn(m−k)

ThisleadstotheleftmostmatrixbeingToeplitz,andsolvablebyan

O(n
2
)algorithmcalledLevinson-Durbinrecursion.

Asanaside,callingthisthe“AutocorrelationMethod”seemsabit

confusingasthe“CovarianceMethod”alsousesautocorrelation

estimates.
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IntheCovarianceMethod,differentchoicesaremadeforthesummation

rangeformandtheprecisemeaningofthesubscript,n.

Inthisapproach,theintervalforcomputingthemean-squarederroris

fixedso

En=

N−1
∑

m=0

e
2
n(m)

Itfollowsthat

φn(i,k)=
N−1
∑

m=0

sn(m−i)sn(m−k)

where1≤i≤pand0≤k≤p

Or

φn(i,k)=
N−i−1
∑

m=−i

sn(m)sn(m+i−k)
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Or

φn(i,k)=
N−k−1
∑

m=−k

sn(m)sn(m+k−i)

Thisleadstotheleftmostmatrixbeingsymmetric,butnotnecessarily

Toeplitz.

Choleskydecompositioncanbeusedtomakethesolutionmoreefficient.

Asanaside,thenameofthistechniquecanalsoleadtoconfusion.Itis

calledthe“CovarianceMethod”becausethematrixhasthesame

symmetryasacovariancematrix,butinDSP,covarianceisalsousedto

nameafunctionthatisrelatedtotheautocorrelationfunction.
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PartialCorrelation(ParcorrorLattice)Method

Thismethodinvolvesestimatingtheparameters(a.k.a.reflection

coefficients)foraLatticefilter.

(Thistechniqueisnotmentionedinthepapertobediscussed,butis

describedinRabinerandSchaeffer.)
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Synthesis-reconstructingasignalfromaparametricrepresentation.

Ifspeechhasbeenanalyzedbyoneoftheabovemethods,thenthe

parameterscanbeusedtorecreateasignal(hopefully)similartothe

originalsignal.

Theparameterscanalsobemodifiedinanattempttochangetheprosody.

ThebasicideaforsynthesizingspeechfromLPCparametersisto

constructthesystemmentionedonanearlierslide.

Foreachframe:

•Usevoicingdecisiontochoosebetweenimpulsetrain/noise

•Ifimpulsetrain,usepitchperiodtoplaceimpulses

•Multiplyresultbygain

•Uselinearpredictivefiltertooutputfinalsignal

17



Inpractice,thereareextradetailstobeawareof.

e.g.:Theanalysisphaseoftenusesoverlappingframes.Duringsynthesis,

youdon’twanttoendupwithaspeechsignalthatistwice(orsomeother

multiple)aslongbecauseyoudidn’ttakethisintoaccount.
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Whichmethod(Autocorrelation/Covariance)isbestforspeech?

Empiricalresults...(DiscussPaper)
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Paper:“IssuesinHighQualityLPCAnalysisandSynthesis”

•Non-real-timeLPCAnalysis

•PitchSynchronousCovarianceMethod

•Worktoimprovevoicingdecision,betterF0determination,better

voicedexcitationwaveform

•LowerlimitonvalueofB1

•Analysisframelocationforcovariancemethodunimportant

•Modifiedautocorrelationmethodgaveresultsthatwereatleastas

good

•MethodofresynthesizingusingmodifiedLPCresidual
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PaperSection1:“Introduction”

•Unlikeotherproblemdomains,real-timeanalysisnotrequired

•Evaluatingperformanceverydifficult
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PaperSection2:“OriginalSystem”

•Recordingconditions

•Preemphasisfilter

•Framesizesandlocations

•Covariancemethodinstabilitiesfixedbyreflectingpolesinsideunit

circle

•Overall:10poleparameters,F0,andpowerparameter

22



PaperSection3:“DeterminationofVoicingandFundamentalFrequency”

•ErrorsinF0andvoicingestimationleadtopopsandclicks

•Atendsofvoicedregions,thelaryngographshowsnoactivityeven

thoughthespeechsignalisperiodicallyexcited

•Modifyvoicingdecisionasfollows:

–Foreachframejudgedvoicelessbylaryngograph,examineratio

of1stto0thautocorrelationcoefficientofspeechsignal

–Iflow-frequencyenergypredominates,judgeframevoicedand

deriveF0fromautocorrelationfunction
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PaperSection3(cont.)

•Voiced/h/sounds

•ComparisonoflaryngographwithLPCresidual
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PaperSection4:“VoicedExcitation”

•Usingasingleimpulsevs.residualfromglottalcycle

•Triedafewthingswithglottalcycle

•Singleglottalcycleworkedbetter,morecomplicatedapproaches

didn’thelp

•Alsoexperimentedwithtemporalstructure
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PaperSection5:“TreatmentofVoicedFricatives”

•Problemwith“buzziness”inprolongedvoicedfricatives

•Addingwhitenoisetoexcitationhelped

•Attempttoautomaticallydetectvoicedfricativesusing:

–totalpower

–proportionofpowerabove3kHz

–firstformantbandwidth(B1)

•Differentclassifierattempts:

–Quadraticclassifiernotgood(parametersnotmultivariatenormal)

–Multi-layerperceptronbetter,butstillnoticeablesynthesiserrors

–Histogramsfitwithsimplefunctionsorsequencesofstraightlines

workedbetter
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PaperSection6:“AdjustmentofBandwidthofFirstFormant”

•Certainvowelshadunpleasantresonance

•FixedbykeepingB1above40Hz

•UsedformulaB
′

1=
√

B
2
1+40

2

•Moreimportantforpitch-asynchronoustests
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PaperSection7:“TheNeedforPitchSynchrony”

•Variedlocationofanalysisperiodrelativetoglottalexcitation

•Advancingupto7msby1msincrements:noperceivabledifferences

•Triedpitch-asynchronousanalyses

–OKwhenanalysisperiodlengthsimilartoglottalcycle

–Badwhenanalysisperiodoutsideof7ms-16msrange
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PaperSection8:“WindowingandtheAutocorrelationMethod”

•Windowingwithcovariancemethoddidn’tseemtohelp

•“Typical”real-timeautocorrelationsystemperformedworse

•Usinganalysisphasefromoneglottalpulsetonexthelped

autocorrelationmethod,butstillnotasgoodascovariancemethod

•Symmetricwindowstaperedatendsseemedtoworkbestwith

autocorrelationmethod

•Startinganalysisperiod4msbeforeglottalclosuregavequalityat

leastasgoodascovariancemethod
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PaperSection9:“ExcitationwithaModifiedResidual”

•Usingresidualforexcitationsynthesizestheoriginalwaveformin

principle(butwelcometoreality...)

•TriedmodifyingF0bydeletingsamplesoraddingzerosabout80%

intotheglottalcycle

•F0couldbeincreaseduptoaround25%ordecreasedbymore

withoutcausingnoise

•Glottalcycleshadtoberemovedoraddedtorestoreduration

•ChangingformantfrequenciesalsoworkedOK

•Listeningtests
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PaperSection10:“SummaryandConclusions”

•ImprovedqualityofLPCspeechbymodifyingdeterminationof

voicingandF0andputtingalowerboundonB1

•Pitch-synchronousanalysisdidn’tseemtohelpcovariancemethod,

butdidseemtohelpautocorrelationmethod

•UsingmodifiedresidualforsynthesisafterpitchsynchronousLPC

analysisgivesgoodresultsformodifyingprosodyforspeech

synthesis
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