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SUMMARY

Theproblemof creatingmouthanimationsynchronized
to recordedspeechis discussed. Review of a model
of speechsoundgenerationindicatesthat theautomatic
derivation of mouth movementfrom a speechsound-
track is a tractableproblem.Severalautomaticlip-sync
techniquesarecompared,andonemethodis described
in detail. In this methoda commonspeechsynthesis
method, linear prediction, is adaptedto provide sim-
ple andaccuratephonemerecognition.Therecognized
phonemesare associatedwith mouthpositionsto pro-
vide keyframesfor computeranimationof speech.Ex-
periencewith thistechniqueindicatesthatautomaticlip-
synccanproduceusefulresults.
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INTRODUCTION

Movementof the lips and tongueduring speechis an
importantcomponentof facialanimation.Mouthmove-
mentduringspeechis ongoingandrelatively rapid,and
the movementencompassesa numberof visually dis-
tinct positions. The movementalso must be synchro-
nizedto thespeech.

Adequateperformanceon this lip-syncproblemis not
well de�ned. Forexample,how accuratemustthemouth
movementandtiming be in order to be satisfying,and
how accuratemust it be to passa reality test? While
mostpeoplecannotreadlips (i.e., identify speechfrom
themouthmovementalone[1]), viewersdo have a pas-
sivenotionof correctmouthmovementduringspeech—
we know goodandbadlip-syncwhenwe seeit.

The lip-syncproblemhastraditionally beenhandledin
severalways.In animationswhererealisticmovementis
desired,mouthmotionandgeneralcharactermovement
may bothbe obtainedby rotoscoping[2]. In this tech-
nique, live-actionfootageof actorsperformingthe de-
siredmotion is obtained,andtheframesof this footage
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providea guidefor thecorrespondingframesof anani-
mation.

A secondapproach,commonlyusedin cartoons,is to
adopt a canonicalmapping from a subsetof speech
soundsontocorrespondingmouthpositions.Animation
handbooksoftenhavetablesillustratingthemouthposi-
tionscorrespondingto asmallnumberof key sounds[3].
The animatormust approximatelysegmentthe sound-
track into thesekey sounds. For example, the word
“happy” mightbesegmentedasasequenceof two vow-
els, “aah” and“ee”. This approachoftenneglectsnon-
vowel soundsbecausevowel soundscorrespondto vi-
sually distinctive mouth positionsand are typically of
greaterdurationthannon-vowel sounds. The lip-sync
producedusingthis approachis oftensatisfactorybut is
generallynot realistic.

Several viable computerfacemodelshave beendevel-
oped,including[4,5,6,7]. Ideally, we might like to con-
trol thesefacemodelswith ahigh-levelanimationscript,
andhave an intelligent front endto the facemodelau-
tomatically translatethe script into an appropriatese-
quenceof facial expressionsandmovements.This pa-
perconsidersthemorelimited problemof automatically
obtainingmouthmovementfrom arecordedsoundtrack.

In thefollowing sectionwe describespeechproduction
andthereasonswhy automaticlip-syncis feasible.Sub-
sequentsectionsreview severalapproachesto automatic
lip-sync. The paperconcludeswith a discussionof the
importantbut poorly de�ned problemof matchingthe
realism(or lackof realism)of thefacialmodelwith that
of thelip-syncmotionandspeechsounds.

SOURCE-FILTER SPEECHMODEL

Several excellent textbooks on speechprinciples are
available[8,9]. Somerelevantpointswill bementioned
here.

Fig.1 showstheenvelopeof thewaveformof thephrase
“Come quietly or therewill be...trouble”. It is dif�cult
to visually segmentthe waveform into words. For ex-
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Figure1: Annotatedwaveformenvelopefor thephrase“Comequietlyor therewill be...trouble”.

ample,thereis a gapfollowing the“t” in “quietly”, but
thereis no gap betweenthe “ly” of “quietly” and the
following “or”.

Speechsoundgenerationmay be modeledasa broad-
bandsoundsourcepassedthrougha �lter . The sound
sourceis vibrationsof the vocal cords in the caseof
voiced soundsand air turbulencein the caseof whis-
peredsounds. In the caseof voiced soundsthe vo-
cal cordsin the larynx collide periodicallyproducinga
pitchedsoundwith a slowly decayingspectrumof har-
monics(Fig. 3a).

Soundproducedin the larynx passesthroughthe vocal
tract,which consistsof the throat,mouth,tongue,lips,
and optionally the nasalcavity. The effect of the vo-
cal tract is to �lter the sound,introducingresonances
(peaks)in thespectrumcalledformants.Vowel sounds
canbe characterizedby the frequenciesof the �rst two
formants[10,9]. The locationsof the formantsarevar-
ied by moving the jaw, tongue,and lips to changethe
shapeof thevocaltract. Formantsappearasdarkbands
in a speechspectrogramplot (Fig. 2). Theformanttra-
jectoriescurveslowly duringvowelsandchangerapidly
or disappearin consonantsandvowel/consonanttransi-
tions.

This source-�lter descriptionof speechsoundgenera-
tion is diagrammedin Fig. 3. Theplotsin this �gure are
energy spectra,with frequency increasingfrom zeroat
theleft of eachplot. Fig. 3a(source)showstheharmon-
icsof theperiodic,roughlytriangularpulseproducedby
thevocalcords.Fig. 3b (�lter) shows a vocaltract�lter
transferfunctioncontainingtwo formants.Fig. 3c (out-
put) shows the spectrumof the resultingspeech. The
formantsaresuperimposedontheharmonicspectrumof
thevocalcords.Notethattheformantpeakfrequencies
areindependentof theharmonicfrequencies.

An important feature of the source-�lter model is
that it separatesintonationfrom phoneticinformation.
Intonation characteristics,including pitch, amplitude,
and the voiced/whisperedquality, are featuresof the
soundsource,while vocal tract �ltering determinesthe
phoneme(“phoneme”is beingusedsomewhat loosely
as a term for an “atomic perceptualunit of speech
sound”). Human speechproduction and perception
likewiseseparateintonationfrom phoneticinformation.
This can be demonstratedby soundinga �x ed vowel
while varying the pitch or voiced/whisperedquality, or
converselyby maintainingaconstantpitchwhile sound-
ing differentvowels: themouthpositionandvowel are
both entirely independentof pitch. It should be em-
phasizedthattherearevariousquali�cationsanddetails
of thesource-�ltermodelwhich arenot describedhere,
however, thesequali�cationsdo not invalidatethesepa-
rationof intonationfrom phoneticinformation.

In order for automaticlip-sync to be feasible,the po-
sition of the lips and tonguemust be relatedin some
identi�able way to characteristicsof the speechsound.
Thesource-�ltermodelindicatesthatthelip andtongue
positionsarefunctionsof thephonemeandareindepen-
dent of intonationcharacteristicsof the speechsound
[9]. A procedurewhich results in a representation
of speechasa timed sequenceof phonemes(phonetic
script) is thereforea suitablestartingpoint for anauto-
matedlip-syncapproach.

AUTOMATED LIP-SYNC TECHNIQ UES

Loudnessis jaw rotation

Thenaive approachto automaticlip-syncis to openthe
mouthin proportionto the loudnessof the sound. It is
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Figure2: A smoothedspeechspectrogram(pitchharmonicshavebeenremoved).Theplot showsenergyatfrequencies
from zero(bottom)to5000Hz.andtimefromzero(atleft) to onesecond.Thethreeprimaryvowel formantsarevisible
asdarkbands.

a) b) c)

Figure3: Diagramof thesource-�lterspeechgenerationmodelin thefrequency domain:a) Thevocalcordsgenerate
a periodicsoundwith many harmonics.b) Thevocal tractactsasa �lter , introducingresonancesin thespectrum.c)
Theresultingspeechsoundhastheresonantpeaks(formants)superimposedon theharmonicspectrumgeneratedby
thevocalcords.
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evident that this is a poor approach:a nasal“m” can
be loud althoughthemouthis closed.Also, themouth
assumesa variety of visually distinct positionsduring
speech;it doesnotsimplyopenandclose.Facialanima-
tion producedusingthisapproachhasaroboticquality.

Spectrummatching

A moresophisticatedapproachis to passthespeechsig-
nal througha bankof �lters, samplethe spectraoutput
by the �lters at the desiredanimationframe rate, and
thencomparethesespectrato thespectraof asetof ref-
erencesounds(usingaleastsquaresmatchfor example).
Thisapproachwasusedin theTransmissionof Presence
low bandwidthteleconferencingexperimentsat MIT in
theearly1980s[11,12].

This approachcanproduceacceptablelip-sync,but it is
not accurateenoughto producefully realistic lip mo-
tion. Oneproblemis that the formant frequenciesare
quantizedto theavailable�lter frequencies.A moresig-
ni�cant dif�culty with thisapproachis thatthespectrum
describesboththevocaltractformantsandpitch (in the
caseof voicedspeech),whereasthe lip andtonguepo-
sitionsarerelatedonly to theformantsandareindepen-
dentof pitch. Thepitch in naturalvoicedspeechvaries
throughoutanutterance,soit is unlikely thatthepitchof
a particularportionof anutterancewill matchthepitch
of thereferencesounds.Thismismatchdegradestheac-
curacy of thereferencesoundmatching.

Pitchcontaminationcanbereducedby designingthe�l-
terbankto smooththepitchharmonics.Thereis atrade-
off, however, betweensmoothingthe spectrumandac-
curatelylocalizing the formantpeaks.The bestresults
areobtainableif the �lter bankapproachis extendedto
a N -point Fourier transform,whereN is suf�cient to
resolve the pitch harmonics(e.g. two frequency sam-
plesper100Hz.). Themagnitudeof thishighresolution
transformcanthenbe smoothedwith a moresophisti-
catedtechniquesuchasasmoothingspline.

Speechsynthesis

A differentapproachto the lip-sync probleminvolves
using computersynthesizedspeechrather than start-
ing from recordedspeech.In this approacha phonetic
script is eitherspeci�ed directly by the animatoror is
generatedby a text-to-phonemesynthesizer. The pho-
neticscriptdrivesaphoneme-to-speechsynthesizer, and
it is also readto generatelip motion, resultingin lip-
synchronizedspeech.

This approachhasbeenusedsuccessfullyin several fa-

cial animationsystems[13,14,15,6]. An advantageof
thisapproachis thatit generatesaccuratelip-sync,since
thespeechandthe lip motion arebothspeci�ed by the
samescript. It is also appropriatewhen the desired
speechis speci�ed textually ratherthanasa recording,
or whenthespeechcontentis informativeandintonation
is a secondaryconsideration(asis thecasein acomput-
erizedvoiceinformationsystem).

A drawback of this approachis that it is dif�cult to
achieve naturalrhythmandarticulationusingsynthetic
speech.Currentspeechsynthesisalgorithmsproduces
speechhaving a slightly robotic quality, while some
older systemsproducespeechwhich is sometimesun-
intelligible. Typically the intonationcan be improved
by addinginformationsuchaspitch andloudnessindi-
catorsto thetext or by re�ning thephoneticscript.This
requiressomeadditionalwork, althoughit is lesswork
thanwould berequiredto animatethemouthdirectly.

LINEAR PREDICTION APPROACH TO
LIP-SYNC

Reference[16] describeda lip-syncapproachbasedon
linearprediction,which is a specialcaseof Wiener�l-
tering[17]. In thisapproachspeechis effectively decon-
volved into soundsourceandvocal tract �ltering com-
ponents.The �ltering componentis thephoneticscript
requiredfor lip-sync;nofurtherprocessingis requiredto
remove pitch harmonics.Thealgorithmis ef�cient and
mapswell onto available matrix algorithmsand hard-
ware. This sectionwill describethe linear prediction
lip-sync algorithmandseveral implementationconsid-
erations.

Linear prediction speechmodel

Linear prediction[18] modelsa speechsignal st as a
broadbandexcitationsignal�x t input to a linearautore-
gressive�lter (aweightedsumof theinputandpastout-
putof the�lter):

st = �x t +
PX

k=1

ak st � k (1)

This is one realization of the source-�lter model of
speechproductiondescribedpreviously.

The excitation signal x t is approximatedas either a
pulsetrain, resultingin pitchedvowel sounds,or anun-
correlatednoise,resultingin eitherconsonantsor whis-
peredvowels dependingon the �lter . The �lter coef�-
cientsak vary over time but areconstantduringa short
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interval (analysisframe)in which thevocal tract shape
is assumedconstant.Theanalysisframetime shouldbe
fastenoughto trackperceptiblespeecheventsbut some-
what longer than the voice pitch period to permit de-
convolutionof thepitch information.An analysisframe
time of about15-20millisecondssatis�es thesecondi-
tions. This correspondsto 50-65 frames/second,sug-
gestingthatsamplingthemouthmovementatastandard
animationrate(24or 30 frames/second)maynotbefast
enoughfor somespeechevents(c.f. Fig. 2).

For thepurposeof lip-synchronizedanimationit is con-
venientto choosethe analysisframe rate as twice the
�lm or videoframeplaybackrate.In thiscasethespeech
analysisframescanbereducedto thedesiredanimation
frameratewith a simplelow-pass�lter . An alternative
is to generatetheanimationat thehigherframerate(e.g.
60 frames/second)and apply the �lter acrossframes
in the generatedanimationratherthan acrossanalysis
frames.This supersamplingapproachreducesthe tem-
poral aliasingresulting from quantizingmouth move-
mentkeyframesto theanimationframerate,which has
beenasourceof dif�culty in previouswork [19,14].

Algorithm

Given a frame of digitized speech,the coef�cients ak

aredeterminedby minimizingthesquarederrorbetween
the actualand predictedspeechover somenumberof
samples.Therearea numberof formulationsof least-
squareslinearprediction;a simplederivationwhich re-
sults in the autocorrelationmethod[18] of linear pre-
diction is givenhere. This derivationviews the speech
signalasa randomprocesswhich hasstationarystatis-
tics over theanalysisframetime. Theexpectedsquared
estimationerror

E = E

(

st �

"

�x t +
PX

k=1

ak st � k

#) 2

(2)

is minimizedby setting

@E
@ak

= 0

(oneproof thatthisdoesdetermineaminimuminvolves
rewriting (2) asaquadraticform), obtaining

E

(

st st � j � (�x t st � j +
PX

k=1

ak st � k st � j )

)

= 0

for 1 � j � P . Sincetheexcitationat time t is uncor-
relatedwith thepreviousspeechsignal,theexpectation
of theproduct�x t st � j is zero.Also, theexpectationof

termsst � j st � k is the (j � k)th valueof theautocorre-
lation function.Thesesubstitutionsresultin a system

PX

k=1

ak R(j � k) = R(j ) (3)

(in matrix form)
2

6
6
4

R(0) R(1) � � � R(P � 1)
R(1) R(0) � � � R(P � 2)
� � � � � � � � � � � �
R(P � 1) R(P � 2) � � � R(0)

3

7
7
5

2

6
6
4

a1

a2

� � �
aP

3

7
7
5 =

2

6
6
4

R(1)
R(2)
� � �
R(P)

3

7
7
5

whichcanbesolvedfor ak giventheanalysisframeau-
tocorrelationfunction R. The latter can be estimated
directly from thespeechsignalusing[8]

R(� ) �
1
L

L � � � 1X

t =0

st st + � for 0 � � � P

whereL is the lengthof theanalysisframein samples.
Sincethe autocorrelationof a stationaryprocessis an
evenfunction,R(j � k) is a symmetricToeplitzmatrix
(having equalelementsalongthediagonals).This per-
mits theuseof ef�cient inversionalgorithmssuchasthe
Levinsonrecursion[20].

Therearea numberof otherformulationsof linearpre-
diction,andthechoiceof aparticularapproachdepends
largely on one's mathematicalpreferences.The refer-
ences[8,9] provide speech-orientedoverviews of the
autocorrelationand another(covariance)formulation,
while [18] is anexhaustive(andinteresting)treatmentof
thesubject.Many solutionalgorithmsfor (3) have also
beenpublished.A Fortranimplementationof theLevin-
sonalgorithmis givenin [18] anda versionof this rou-
tine(auto) is includedin theIEEESignalProcessingLi-
brary [21]. Themostef�cient solutionis obtainedwith
theDurbin algorithm,which makesuseof the fact that
theright-handvectorin (3) is composedof thesamedata
asthematrix. This algorithmis describedin [8] andis
presentedasa Pascalalgorithmin [9]. Alternatively, (3)
canbesolvedby astandardsymmetricor generalmatrix
inversionroutineat someextracomputationalcost.

Synchronizedspeech

The coef�cients ak resultingfrom the linearprediction
analysisdescribethe short term speechspectrumwith
thepitch informationconvolvedout.

Analyzedspeechis convertedto a phoneticscript by
classifying eachspeechframe accordingto the mini-
mumEuclideandistanceof its short-termspectrumfrom
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thespectraof asetof referencephonemes.Thespectrum
is obtainedby evaluatingthemagnitudeof

H (z) =
�

1 �
P P

k=1 ak z� k
(4)

(the z-transformof (1)) at N pointson the complex z-
planehalf unit circlewith z = e� j � k=N . In thiscasethe
denominatorin (4) is effectively adiscreteFouriertrans-
form of thenegated,zero-extendedcoef�cient sequence
1; � a1; � a2; : : : ; � aP ; 0; 0; : : :, of length 2N , permit-
ting implementationby FFT. A resolutionof N = 32
appearsto besuf�cient sincethelinearpredictionspec-
tra are smooth. Although a more direct identi�cation
approachwould be to comparethe coef�cients ak to
thecoef�cients of thereferencephonemes,least-squares
matchingon thecoef�cients performspoorly andit ap-
pearsthatsomeothernormis required[18].

The selectionof the referencephonemesinvolves a
compromisebetween robust identi�cation and pho-
netic and visual resolution. Various `How to Read
Lips' books and books on animation [1,3] describe
visually distinctive mouth positions and the corre-
sponding sounds (Fig. 4). Previous synchronized
speechanimation has typically used approximately
10-15 distinct mouth keyframes [11,12,5] (although
syntheticspeechapproaches[15,14] have usedmany
more distinct mouth positions). Our current refer-
encephonemeset consistsof the vowels in the words
hate,hat,hot,heed,head,hit,hoe,hug,hoot (aspronounced
in American English), together with the consonants
m,s,f.

While thereare more than thirty phonemesin spoken
English [10] (not counting combinationsoundssuch
as diphthongs)this referenceset includesmost of the
vowels. Our approachto lip-sync pro�ts from the fact
thatvowelsareeasilyidenti�ed with a linearprediction
speechmodel,sincevisuallydistinctivemouthpositions
correspondto vowels in mostcases(Fig. 4), andcon-
sonantsare also generallyshorterthan vowels. Also,
it is not necessaryto have a distinctmouthpositionfor
eachphoneme,sincesomeconsonantssuchasd,t andf,v
aredistinguishedby voicingratherthanby lip or tongue
position. In fact,only a few key soundsandmouthpo-
sitionsarerequiredto representconsonantsounds—the
consonantsg,k,s,thave fairly similar spectraandmouth
positions,asdom,n(themouthis closedfor m andonly
slightly openfor n).

We have found that very accuratevowel identi�cation
is possibleusingthe linearpredictionidenti�cation ap-
proachwith twelve referencephonemes.Currentlywe
are using a 20kHz audio samplingrate with P = 24
in (1). Thenumberof coef�cients waschosenusingthe
ruleof thumb[18] of onepole(conjugatezeropairof the

denominatorpolynomial of (4)) per kHz, plus several
extra coef�cients to model the overall spectrumshape.
Almost all of thesemanticallyimportantinformationin
speechlies below 4000� 5000Hz, asdemonstratedby
theintelligibility of telephones,soanaudiosamplerate
of 10kHz is suf�cient for analysisapplicationssuchas
lip-sync. Thehighersamplerateallows thespeechdata
to be manipulatedand resynthesizedfor a reasonably
highqualitysoundtrack.

Consonanttransitionsare an areaof theoreticaldif�-
culty. In somecases,for examplein pronouncinga stop
consonantsuchas“t” at the endof a word, the mouth
canremainopenfollowing aspirationduringaperiodof
silenceleadinginto thenext word. Any purelyacousti-
cally basedlip-synctechniquewill incorrectlycausethe
mouthto beclosedduringthisperiod.

Fig. 5 shows theraw outputof the linearpredictionlip-
syncprocedureappliedto aphrasewhichbegins“Greet-
ingsmediaconsumers...” Thecolumnsare(from left to
right) thetime,theexcitationvolume,avoiced/unvoiced
indicator, the best referencephonemematch (in the
starredcolumn)andits associatederror, andthesecond
bestmatchandits error. This exampleis alsoannotated
with thecorrespondingspeechin theright handcolumn.
Fromtheannotationit canbeseenthatvowelsareplau-
sibly identi�ed while consonantsaremappedontoother
consonants.For example, the “t” soundin the word
“greetings”is matchedwith the“s” referencesound(la-
beledes). The“e” soundin “greetings”is matchedwith
thevowel in theword hit ratherthanwith thevowel in
heeddueto pronunciation.Thereferencesoundeengis
avariationof thevowel soundin thewordheed.

Parametric facemodel

We usedthe parametrichumanfacemodel developed
by Parke[19,4] in our lip-syncexperiments.Thismodel
hasbeenextendedto several full-headversionsby Di-
Paolaand McDermott [22]. The parametricmodeling
approachallows the faceto be directly and intuitively
manipulatedwith a limited andfairly naturalsetof pa-
rameters,bypassingthe effort involved in modelingor
digitizing keyframesin akeyframe-basedapproach.

The facemodelparametersrelevant to mouthposition-
ing andlip-sync includethosecontrolling jaw rotation,
mouth openingat several points, the lower lip `tuck'
for the f/v sound,andmovementof the cornersof the
mouth. Sincethe parametricmodel allows expressive
parametersto be manipulatedand animatedindepen-
dentlyof geometricfeatures,ananimationscriptinclud-
ing lip-syncandotherexpressiveparameterscanbeap-
plied to any available character(geometricdatabase).
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Figure4: Portionof a lip readingchart.Top row, from left to right, thevowelsin thewordshat,hotandthef/v sound.
Bottomrow: thevowelsin thewordshead,hit,hoot.

Figure6: Computerfacemodelpositionedfor thevowel
in theword “hot”.

Figure7: Computerfacemodelpositionedfor thevowel
in theword “hoot”.
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***
(3.33 gain 0.007 err 0.249 sil1 1.595 sil2 1.901) ; [silence]
(3.37 gain 0.009 err 0.366 sil2 2.472 sil1 2.965) ;
(3.40 gain 0.146 err 0.416 em4 5.429 eeng 5.907) ; GR
(3.43 gain 0.216 err 0.545 hit1 5.985 hit3 6.837) ; E
(3.47 gain 0.159 err 0.545 hit4 0.000 hit2 4.732) ; E
(3.50 gain 0.208 err 0.521 hit4 2.914 hit2 4.672) ;
(3.53 gain 0.053 err 0.585 es2 3.804 sil2 3.872) ; T
(3.57 gain 0.117 err 0.574 es2 3.854 es1 3.883) ;
(3.60 gain 0.358 err 0.588 heed2 3.874 heed1 4.995) ; I
(3.63 gain 0.191 err 0.425 heed2 5.597 es3 5.688) ;
(3.67 gain 0.244 err 0.475 heed2 5.324 heed3 5.619) ;
(3.70 gain 0.121 err 0.605 eeng 3.749 eeng 3.749) ; NG
(3.73 gain 0.066 err 0.401 eeng 4.784 eeng 4.784) ;
(3.77 gain 0.051 err 0.393 eeng 4.089 eeng 4.089) ;
(3.80 gain 0.076 err 0.787 em4 4.281 eeng 4.678) ; [error]
(3.83 gain 0.067 err 0.688 es3 2.991 es2 3.039) ; S
(3.87 gain 0.065 err 0.515 es2 2.169 es3 3.629) ;
(3.90 gain 0.007 err 0.253 sil2 1.684 sil1 1.792) ; [silence]
(3.93 gain 0.027 err 0.488 em2 0. em4 3.829) ; M
(3.97 gain 0.037 err 0.401 em2 2.629 em4 4.487) ;
(4.00 gain 0.202 err 0.565 hit4 5.595 heed3 6.360) ; E
(4.03 gain 0.225 err 0.558 es1 4.623 heed3 5.123) ; D
(4.07 gain 0.130 err 0.380 es1 6.324 es2 6.911) ;
(4.10 gain 0.075 err 0.416 es1 5.586 heed3 5.694) ;
(4.13 gain 0.189 err 0.405 es1 4.732 hit4 5.325) ;
(4.17 gain 0.211 err 0.463 hit4 4.345 heed3 5.575) ; I
(4.20 gain 0.250 err 0.669 hit4 5.735 es1 5.917) ;
(4.23 gain 0.259 err 0.654 head3 6.151 head1 6.203) ; A
(4.27 gain 0.257 err 0.691 head3 5.967 head1 6.280) ;
(4.30 gain 0.055 err 0.632 her2 3.671 her1 3.911) ;
(4.33 gain 0.012 err 0.403 sil2 6.010 sil1 6.019) ; [silence]

Figure5: Annotatedoutputof thelinearpredictionlip-syncprocedurefor thewords“Greetingsmedia...”.
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Fig. 6 and Fig. 7 show one suchcharacterpositioned
for thevowelsin thewordshot andhoot).

Although the tonguemotion can be automaticallyde-
rived from a phoneticscript in the samemannerasthe
lips, wearenotusingthiscapabilitysincetheParkeface
modeldoesnotcurrentlyincludea tongue.

Parameter smoothing

Themouthcanmoverapidly in vowel/consonanttransi-
tions,but vowel/vowel transitionsaregenerallysmooth
(ascanbeseenfrom theformanttrajectoriesin Fig. 2).
Automatedlip-syncin effectperformsavectorquantiza-
tion from ahigh-dimensionalacousticspaceontoaone-
dimensional,discretespaceof phonemes.This quanti-
zation resultsin abrupttransitionsbetweenphonemes.
It is thereforenecessaryto smooththe mouth motion
somehow.

Sincethephonemespaceis discreteit is not possibleto
smooththe phonemesequencedirectly. The approach
we have usedto dateis to convert the phoneticscript
into a set of parametertracksfor the facemodel, and
thensmooththesetracks.A fairly sophisticatedsmooth-
ing techniqueis needed.A �nite impulseresponse�lter
did notprovidesuitablesmoothing,sinceit blurredrapid
vowel/consonanttransitionsandattenuatedextremesof
the parametermovement. A smoothingspline [23] is
currentlyimplementedandprovidessomewhatbetterre-
sults. Examinationof formanttrajectoriessuggeststhe
needfor a smoothingtechniquethatpreserveslargedis-
continuities.

Linear prediction speechresynthesis

The linear predictionsoftware,onceimplemented,can
also be usedto resynthesizethe original speech.This
enablesseveralmanipulationswhich maybe usefulfor
animation. In themostfaithful synthesisapproach,the
differencesignal(residual)betweentheoriginal speech
andthe outputof the linear prediction�lter is usedas
thesynthesisexcitationsignal:

x t = st �
PX

k=1

ak st � k

Theresidualsignalapproximatesanuncorrelatednoise
for consonantsandwhisperedvowels,andapproximates
a pulsetrain for voicedvowels. The linear prediction
analysisand the residualtogetherencodemost of the
information in the original speech. The synthesized
speechis highly intelligible andretainstheoriginal in-
�ection andrhythm,yet it hasa subtlesyntheticquality

whichmaybeappropriatefor computeranimation.Vari-
ationsof this form of synthesisarecommonlyusedfor
speechcompressionandthe readerhasno doubtheard
examplesof it producedby dedicatedlinear prediction
chips.

Vocoderqualityor `robot' speechis obtainedif theexci-
tation signal is a syntheticallygeneratedsignal,which
may be either a pulse train or a random sequence.
TheLevinsonandDurbinalgorithmsreturna per-frame
predictionerror magnitudewhich is comparedwith a
thresholdto determinewhich form of excitationto use;
normalizederrorsgreaterthanabout0:3 typically re�ect
consonantsor whisperedvoice.An importantmanipula-
tion which is easilypossiblein thecaseof syntheticex-
citationis to speedup or slow down thespeech.This is
accomplishedsimply by accessingthe linearprediction
analysisframesatafasteror slowerrate.Sincethevoice
pitch is controlled by the excitation, the speechrate
canbechangedwithout producinga (“Mick ey Mouse”)
effect. The linear prediction software has been im-
plementedunder a generalpurposeLisp-basedcom-
puter music system[24], so additionalsonic manipu-
lationssuchasreverberation,gender/agechange(spec-
trumshifting),etc.aredirectlyobtainable.

EVALUATION

Thelinearpredictionlip-syncapproachdescribedin the
previoussectionproducesmouthmotionwhichis tightly
synchronizedto thespeech.Thequality of the lip-sync
falls shortof full realism,but it hasbeencharacterized
asbeingbetterthanthelip-syncobtainedwith the`lazy
rotoscoping'approachemployed in [19], in which �lm
footageguidedthe creationof mouthkeyframesevery
few frames[25]. An animatortrainedin traditionalan-
imation techniquescharacterizedthe linear prediction
lip-sync methodas producing“too much data”. This
characterizationis consistentwith therecommendations
of animationhandbooks,which generallysuggestthat
only lengthystressedsyllablesbeanimated.

Gestaltand speci�city

The animatorwho usesa computerfacemodel faces
a strong but poorly de�ned perceptualphenomenon.
Fig. 8 is anattemptto elucidatethis phenomenon.This
drawing is easilyrecognizedasa face,andwe caneven
infer some“character”,despitethe fact that the draw-
ing speci�esfar less(geometric)informationthanexist-
ing computerfacemodels.Informationwhich is clearly
omittedfrom this �gure is perceptuallyignoredor com-
pleted.In contrast,while three-dimensionalshadedren-
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Figure8: This facesketchspeci�esmuchlessgeometric
informationthanacomputerfacemodel.

deringsof objectssuchascarsareoften extremely re-
alistic, comparablerenderingsof computerfacemod-
els often appearmechanical.It seemsthat as the face
modelbecomesmoredetailedandspeci�c, any inaccu-
raciesin thespeci�ed informationbecomeperceptually
prominent.

Oneview of this problemis that it resultsfrom thefact
thatcomputermodelsgenerallyspecifyunknown infor-
mation. For example,a setof verticesor controlpoints
in a geometricmodelmay be the only “known” detail,
andasurfaceconstructedusingthesepointsmaybeone
of many plausiblesurfaces.A shadedrenderingof the
modelcanrealizeonly oneof thesesurfaces,however.
In the caseof a computerfacemodel, the surfacein-
terpolationrequiredfor computerrenderingassertsthat
thefaceis quitesmooth,whereastherenderingin Fig. 8
doesnot ruleout thepossibilityof skin imperfectionsat
unspeci�edlocations.

This phenomenonmayalsoaffect theuseof automated
lip-syncin computerizedcharacteranimation.Lip-sync
motionderivedfrom arecordedsoundtrackis quitespe-
ci�c but not fully realistic.Wecanspeculateonwhether
the animationmight be more successfulif the motion
were to be �ltered or subsampledto make it lessde-
tailed,therebyreducingour perceptualexpectations.

Similar considerationscanbeappliedto thesoundtrack.
The animatorshouldconsiderwhetherviewers would
be more likely to accepta slightly mechanicalfaceif
thespeechwerealsoslightly mechanical,asis thecase
with lip-syncapproachesusingsyntheticspeech.If so,
recordedspeechmayberesynthesizedby linearpredic-
tion in orderto achieve a slight syntheticquality while

preservingintelligibility and intonation. On the other
hand,thesuccessfuluseof realvoicesin traditionalan-
imationwould seemto invalidatea principlethatthere-
alismof thesoundtrackshouldmatchthatof theimages.

While theprecedingcommentsarephilosophicalrather
thanscienti�c, the successfulapplicationof facial ani-
mationwill requireanunderstandingof theseandsimi-
lar issues[26].

Futur edir ections

Facial animation generatedusing automatedlip-sync
looks unnaturalif the headandeyesarenot alsomov-
ing. Althoughheadmovementduring speechis proba-
bly quiteideosyncratic,it wouldseempossibleto gener-
atestereotypicalheadandeye movementautomatically
from thesoundtrack.Thiswould furtherreducetheani-
mator'swork load,andit wouldenableautomated“talk-
ing head”presentationsof audiomonologues[12].

We have not exploredpossiblevariationsin lip move-
mentfor a givenutterance.While correctpronunciation
considerablyconstrainspossibledeviationsfrom `stan-
dard' lip movement,oneobviouseffect is thatincreased
volume often correspondsto greatermouth opening.
The possibleeffect of emotionalexpressionon mouth
movementduringspeechalsohasnot beenconsidered.
This may be an importanteffect, sincemouthposition
is oneof the primary indicatorsof emotion. A related
problemwould be to attemptto derive emotionalstate
directly from thespeechsoundtrack.
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