
Implications of Prosody Modeling for Prosody Recognition

Chilin Shih,Greg Kochanski,Eric Fosler-Lussier,
MelodyChan

�
, Jia-HongYuan�

Bell Laboratories,LucentTechnologies
YaleUniversity

�
CornellUniversity ���������	 
���
�	 �������������������������������! "������$#��%�&"'�� ����(

Abstract

This paperintroducesStem-ML, which is a modelof the
prosodygenerationprocesswith anassociateddescriptionlan-
guage,andsuggestshow it mayhelpprosodyrecognition.We
appliedStem-ML modelingto three topics: the modelingof
prosodicstrengths,intonationtypes,andnounphrasepatterns.
Stem-ML parametersderived from )&* contoursmay have a
moreconsistentrelationshipwith prosodiceventsthanraw )�*
values.This may improve identificationof accentclasses,ac-
centstrengths,andintonationtypes.

1. Introduction
This paperintroducesStem-ML[1], which is a model of the
prosodygenerationprocesswith anassociateddescriptionlan-
guage,andsuggestshow it mayhelpprosodyrecognition.

Recognitionof prosodyis difficult becausemany linguis-
tically meaningfulgesturesof intonationarenot obvious from
thesurfaceintonationcontour. For example,) * heightdoesnot
alwayscorrespondto linguistic prominence,phrasecurvesare
not directly measurable,andthecontext influencesthe shapes
of accentsin the sameway that neighboringphonesinfluence
eachother. Givena reasonablemodel,Stem-MLcanbeusedto
find theoptimaldescriptionof prosodywithin that model,and
canuncover meaningfulgesturesthat arenot apparenton the
surface.

Stem-ML(Soft TEMplateMarkupLanguage)is a physio-
logically basedmodelof theprosodygenerationprocessthatis
drivenby linguistically-definedaccents.It canbeusedasanin-
tonationcodingsystemwhich combinesthelinguistic descrip-
tive function of taggingsystemssuchasToBI [2, 3], anda )�*
generationcapabilityanalogousto Fujusaki's intonationmodel
[4]. It definesa set of tagsthat can be usedto describeab-
stractlinguistic attributesof prosody, includingaccentclasses
andphrasecurves,with numericalattributesthat candescribe
intonationvariations.Thetagsaremathematicallydefinedwith
analgorithmfor translatingtagsinto quantitativeprosody.

Thetagto surface)�* mappingis unambiguous.Giventags,
Stem-MLgenerates)�* deterministically. However, mappingre-
lation in theotherdirectionis ambiguous.Similar to theprob-
lemof speechcodingby articulatoryparameters,therearemul-
tiple possibilitiesto representagiven ) * contour. Onemaycon-
straintheoccurrenceof tagsaswell astheparametervaluesof
tagsby employingintonationmodels,whichallowsoneto pre-
dict theusageof accenttypesandphrasecurves.

In the following sections,we first describethe intonation
models,thendiscussthe uniquemodelingadvantagesoffered
by Stem-MLandtheirpotentialimpactto ASRin threeareas:
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Figure1: Tonesvs.realizationin thephrasefan3ying4su4du4
“r eactiontime”. Theupperpanelsshowshapesof tones3 and
4 takenin a neutral environmentand the lower panel shows
the realizationof the phrasecontainingthosetones. Thegrey
curvesshowthetemplates,andtheblack curveshowsthe ) * vs.
timedata.

1. Themodelingof prosodicstrengths,explainingwhy un-
stressedwordscanhavehigh ) * values.

2. Themodelingof intonationtypes,wherea few underly-
ing patternsaccountfor diversepatternson thesurface.

3. Accentshapemodelingandtheclassificationof intona-
tion contoursover Englishnounphrases.

Stem-ML parametersderived from ) * contoursmay have
a more consistentrelationshipwith prosodiceventsthan raw) * values. This may improve identificationof accentclasses,
accentstrengths,andintonationtypes. In thepaper, we report
worksin MandarinChineseandEnglish.

2. Prosodic Model: Soft Template Markup
Language

Stem-ML was initially inspiredby tonal distortion datafrom
MandarinChinesesuchastheoneshown in Figure1 [5]. The
exampleshowstonetemplatesvs. therealizedpitchtrackof the
phrasefan3 ying4 su4du4 “reactiontime”. The upperpanels
show shapesof tones3 and4 takenin a neutralenvironment
and the lower panelshows the lexical tone templatesin grey
curvesandtheactual )&* vs.timedatain blackcurve. The tone
shapeof thesecondsyllableis drasticallyalteredto theextent
thata lexical falling toneis realizedwith asurfacerisingshape.



This kind of distortionoccursin fastspeechon a prosodically
weaksyllable. The directionof thechangeis predictable:the
resultingtoneshapeconformsto theneighboringtones.

Stem-MLmodels) * by modelingthedynamicsof themus-
cles that control the tensionof the vocal folds. Musclescan-
not move instantaneously, so it takestime to makethe transi-
tion from oneintendedtoneor accenttarget to the next. We
representthesurfacerealizationof prosodyasan optimization
problem,minimizing thesumof two functions:aphysiological
constraint+ , which imposesa smoothnessconstraintby mini-
mizing effort requiredto producethepitch track , , anda com-
municationconstraint- , which minimizesthesumof errors .
betweentherealizedpitch , andthetargets / .
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areconstantsthathelpdefinehow tonesinter-

act, T, is theaveragepitch over thescopeof a tag,and T/ is the
averageof / over the tag. 5, and <, are first and secondtime
derivativesof , . Theaboveequationsaresimplifiedfor presen-
tation.)

The errorsareweightedby thestrength,H @ , of the tag. H @indicateshow importantit is to satisfythespecificationsof the
tag. If a tag is weak, the physiologicalconstrainttakesover
and in thosecases,smoothnessbecomesmoreimportantthan
accuracy,andthepitchis thendominatedby thetag'sneighbors.
Strongertagsimposetheirshapeon , , andexertmoreinfluence
on theirneighbors.

With thismodel,thedistortedtoneshapeonthesecondsyl-
lablein Figure1 is accountedfor with a low strengthvalue. A
tag setof U�V&W VYX'Z�W [\X!V&W [YX�Z�W ] , in conjunctionwith global pa-
rametersthatdefinepitch rangeandlexical tonetemplates,re-
producestheobserved ) * contour. Theleadingnumeralsin the
tagsetrepresentthe lexical tonetemplates(eachimplemented
asa 5 point representationdescribingthe toneshape),andthe
subscriptrepresentsthestrengthof thetonetemplate.

1.1 0.2 1.2 0.8

Figure 2: ^_* curve generatedby Stem-MLfrom the tag setU V&W V X Z�W [ X V&W [ X Z�W ] , andglobalparametersdefiningpitch range
andlexical tonetemplates.

3. Prosodic Strength
Strengthin Stem-ML is a measureof how preciselya speaker
adheresto thespecificationof thetoneor accenttemplate.This
definitionhassomeadvantagesoveradefinitionof strengththat
is basedon pitch heightor pitch range: it links distortedtone
shapesto prosodicallyweakpositionsandexplainsthepossible
outcome.Underthis definition,thesecondsyllablein Figure1
is interpretedasweakwhile it hasareasonablywidepitchrange
andhigh ) * value.

It is well-known that ) * heightis not alwaysa goodindi-
catorof prosodicstrength[6]. Therelationshipbetweenheight
and strengthcan be improved by taking into accountvarious
sentenceeffectsand discoursefactors. Nontheless,suchnor-
malizationprocedurescannotsolve theproblemof local inter-
pretationof ) * heightrelative to nearbywords.Onefrequently
finds caseswhereunimportantfunction wordshave higher ) *
thantheirimmediateneighbors.Thiscomplicatesany algorithm
designedto derive informationfrom prosody. Stem-MLoffers
amodelof accentinteractionwhichcanaccountfor thehigh ) *
of theseunaccentedwords.

Figure 3 shows suchan example. A natural )&* curve is
plottedfrom the phrase“I would like to arrive `�`�` ” found in
the DARPA Communicatordatabase[7]. In this example,to
hashigher )&* thanthesurroundingcontentwordswhichareob-
viouslystressed.Thedashedline showsthepredicted) * values
of anunaccentedto by linear interpolationfrom theendof the
precedingL*+H accentto thenext L*+H accent.Thepredicted) * valueis too low, andif oneassumesthat ) * is locally related
to strength,themostnaturalwayto accountfor thehigher )&* is
to assignaunreasonablylargestrengthto “to” .

On theotherhand,thesolid line shows a Stem-MLmodel
of theregion, wheretheheightof theword to is a naturalcon-
sequenceof its environment. In this model,the threewordsI,
like andarrive aretheonlyaccentedwords,all sharingthesame
rising accenttemplate.I is stressedweakly while like andar-
rive arestressedstrongly. The function word to rideson the
slopedefinedby its moreimportantneighbors.Because“to”
haslittle strength,it doesnotaffect theprosodyin its vicinity.

This strong tonal coarticulationis physiologicallyneces-
sary, asthemusclesthatcontrol ) * aresimply not fastenough
to adjustbetweentheendof onesyllableandthebeginningof
the next. Most musclescannotrespondfasterthan150 ms, a
timewhich is comparableto thedurationof asyllable.

In recentwork [8] we areableto replicateMandarinsen-
tenceintonationto within 12Hz rmserrorwith 0.68parameters
per syllable. The parametersincludeone strengthparameters
per word andglobal settingsincluding lexical tonetemplates,
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Figure 3: Exampleof a high-pitched function word. Data is
plottedas“*”. Dashedline is predictedfromToBI label inter-
polation;solid line fromStem-MLconstraints.



pitch rangeandsmoothingwindow of muscledynamics.The
Stem-MLfittedstrengthscorrelatewith linguisticstructurebet-
ter thansurface)�* . We expectthat this finding will generalize
to theinterpretationof prosodicstrengthin English.

4. Question intonation
Mandarinquestionintonationshowsaninterestingdiversitydue
to toneandintonationinteraction.A sentenceendingin arising
tonehasa higherrising tail, muchlike Englishquestioninto-
nation. In contrast,a sentenceendingin a falling toneshows
a higherpeakwithout a rising tail, behavior similar to Greek
questions.Consequently, aH% boundarytonealignedwith the
endof the sentencemay accountfor Englishaswell asMan-
darinrisingtones,but fail for Mandarinfalling tonesandGreek.

Previous literature has talked about rising phrasecurve
[9, 10] or high boundarytones[11, 12] of questionintonation.
But neitherof theaccountscanexplain all questionpatternsin
Mandarin.While onetypically findsregionsof high pitch near
theendof a question,exactlywherethey occurdependson the
tonesequence.In sentenceswith final falling toneor final low
tone,thepitchmayendlow.

Theoptimalmodelstrainedby Stem-MLcanpreciselyex-
plain the differencebetweendeclarative andinterrogative sen-
tencesasa combinationof two mechanisms:anoverall higher
phrasecurve for thequestion,andincreasingstrengthvaluesof
tonesneartheendof thesentence[13]. This resultis consistent
with a perceptionstudyof questionintonation[14], wherelis-
tenersaremorelikely to interprethigherpeakandhigherending
pitchasquestions,independentof their languagebackground.

Furthermore,theoptimalphrasecurvesof the two intona-
tion typesareroughlyparallel,asshown in Figure4. Thesolid
line representsthephrasecurve of declarative sentenceswhile
thedashedline representsthat of interrogative sentences.The
differencebetweenthe two phrasecurvescorrespondsto 8.48
Hz.

The pictureshown comesfrom a modelusingtwo points
to representphrasecurve. Thenearlyparallelphrasecurvesare
alsofoundconsistentlyin othermodelsthatusethreeor more
pointsto representphrasecurve.

The higher ) * at the end of a questionintonation is ac-
countedfor by higheraccent/tonestrengths.Figure5 showsthe
differencesof strengthvaluesbetweeninterrogative sentences
anddeclarativesentencesplottedby syllablepositions.Thein-
creasedstrengthsat theendimply tighteradherenceto theideal
toneshapesandlargerpitchexcursions.

TheStem-MLmodelsshow thecorrectinteractionbetween
toneandintonation.Higherstrengthaccountsfor higherending
pitch of rising andhigh tones,but raisesthe peakof a falling
tonewithoutaffectingthefinal pitch.

Weobtainedexcellentfits for sentenceswith differenttonal
combinationsusinghigherphrasecurveandincreasinglyhigher
strengthson sentencefinal syllablesto modelquestionintona-
tion. Figures6 and7 shows the matchbetweenthe model ) *
andnatural ) * for sentencesendingin rising andfalling tones,
respectively. Thefilled circlesrepresentnatural) * andthesolid
linesrepresentthecalculated) * . Tonesarelabeledontopof the
figuresandthegrey dashedlinesmarksyllablecenters.

5. English Noun Phrases
In this section,we reportpreliminaryresultsof a studyon En-
glish nounphrasesin theDARPA Communicatordatabase[7].
Westudiedwhetherconsistentprosodicpatternscouldbefound
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luo2-yan4yao4mai3yang2. “Luo-Yan wantsto buy sheepon
Friday.”
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Figure7: Natural (filled circles)andmodeled(solid line) into-
nationcurvesof a sentenceendingin a falling tone: Li3-bai4-
wu3 luo2-yan4yao4mai3 lu4. “Luo-Yan wantsto buy a deer
on Friday.”

in nounphrases.
We first hand-classifiedprosodicpatternsof nounphrases

[15, 16], andthenmodeledthesepatternswith Stem-ML. We
foundthatspeakersusejustafew prosodypatternsin longnoun
phrases;thereforeprosodycan provide someinformation for
identifyingtheseregionsautomatically[17].

Our sub-selecteddatabaseconsistsof 57 utterancesfrom
26 speakers.Theseutterancescontain103nounphrases.Five
prosodicpatternsarefoundin thesenounphrases,with thefol-
lowing frequency distribution. In additionto the5 patterns,we
mark regionsoutsideof thenounphrasesasOTHERS. A noun
phraseoccurringbeforepauseis alsomarkedwith a boundary
toneat theend.

Pattern Code Freq Description
DROP a 40 primarily falling
RISE b 38 primarily rising
LEVEL c 9 no movement
HAT d 9 initial rise,terminalfall
VALLEY e 7 initial fall, terminalrise
OTHERS f 76
BOUNDARY

R
89

To preparedatabasefor modeling, we markedthe noun
phraseswith the category of prosodicpatternsand assigned
boundarytonesafter long pausesand at the endsof phrases.
For example:

from AtlantaGA going to LondonEnglandf c f f b R
from Phoenix Arizona to BangkokThailand.f b e g a R
Leaving SanAntonio, October17th, 2000.

o d R d R a R
Using the prosodicmarking of the databaseas input, we

fit Stem-ML modelsto natural ) * contoursby optimizing the
shapesof the prosodictemplates,the strengthof eachoccur-
renceof a template,anda setof global parameters.Figure8
plots theshapesof thefive prosodictemplatesthatarelearned
from thedatabase.
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Figure8: Stem-MLfittedtemplatesof nounphrasesin theCom-
municatordatabase.

Eachprosodicpatternis representedasa templatedefined
by four points. i The templatescapturedthebroad )&* move-
ment in the nounphraseregions,usingonetemplatefor each
pattern. The modelignoresshort-term)�* movementssuchas
segmentaleffectsandeven lexical stress.Thequestionis how
muchof the ) * movementcanbe accountedfor with a simple
modellike thisone.

Figures9, 10 and11 compare) * tracksgeneratedfrom the
codedparametersto theoriginalones.Thenatural )�* is plotted
by circlesandthemodel )&* by solid lines.

Figure 9 includesa LEVEL patternfollowed by a RISE
pattern. This is the first sentencein a dialogue,wherespeak-
ersoften usedthe RISE patternto makerequests.The model)&* comesfrom the templateandstrengthcodingshown below,
wheretheGreeklettersrepresentthecodedprosodictemplates
andthesubscriptsarethefittedstrengthvalues.Theboundaries
of thepatternsaremarkedby dottedlines.
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Figure9: “fr omAtlantaGeorgiagoingto LondonEngland.” A
LEVEL patternfollowedby a RISEpattern. LEVEL are typi-
cally usedin non-finalpositions.This is thefirst sentencein a
dialogue.

Figure10 includesa RISEpatternfollowedby a VALLEY
pattern,andterminatesin aDROPpattern.This is alsothefirst
sentencein the dialogue. The model )�* is derived from the
following coding:

i Experimentswith large numbersof points showed equallygood
fits. Fourpointspertemplatewaschosenastheminimalgoodfit model.



from Phoenix Arizonaf n�W n�l b 7 W i e k�W * m
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Figure10: “fr omPhoenixArizonato BangkokThailand.” This
sentencecontainsthreeof the prosodicpatterns: RISE,VAL-
LEY, andDROP. Thisis thefirst sentencein thedialogue.

Figure11 includestwo HAT patternsfollowedby a DROP
pattern. This is the thirteenthutterancein the dialogueafter
severalroundsof falserecognitionfrom theASR system.The
speakerwas getting impatientand frustrated,which was ex-
pressedby multiple usageof theHAT pattern,terminalDROP,
multiple pausesandvery slow speakingrate. The model ) * is
derivedfrom thefollowing coding:

Leaving SanAntonio, October17th, 2000.f i�i W n�m d�l�W i l R * W o�l d�k�W m R * W o�l}a i W m R * W o�l
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Figure 11: “Leaving SanAntonio, Octoberseventeenth,two
thousand.” Two HAT patternsfollowed by a DROP pattern,
Thisis the13thsentencein thedialogue,aftermanyrecognition
failures.

In thecontext of thecommunicatordialogue,thespeakers
tendto bepolite initially whenthey presentnew informationto
thesystemasrequests,usingrising intonationon nounphrases
that containinformationsuchasflight origin, destination,and
dateandtime of travel. As thesystemsfail to recognizethese

information,The speakersoften slow down, pausemore,and
switchtheprosodicpatternfrom rising onessuchasRISEand
VALLEY to falling onessuchasHAT andDROP.

Thereare modest,but real correlationsbetweendifferent)&* patternsandthe informationin anutterancethata dialogue
systemcanuse. For instance,the patternwascorrelatedwith
thefrustrationlevel of thespeaker. Wemeasuredfrustrationby
askinga subjectto listen to eachdialogue,andto rank at ev-
ery dialogueturn theuser's frustrationlevel on a scaleof 1 to
3. Knowledgeof theprosodicpatterngives0.3bits of informa-
tion towardselectingamongthethreemarkedfrustrationlevels.
If we assumethat an automatedclassificationof prosodicpat-
ternswould yield the sameresultsas the humanclassification
we used,this information could be usedto simplify the dia-
logue,andprovidemorefeedbackto theuserwhenhe/shestarts
becomingfrustrated.

Likewise,theRISEpatternis associatedwith new informa-
tion slightly moreoften thanwith otherpatterns,andtheHAT
patternwith old information.Overall,knowledgeof thepattern
yields0.1bitsof informationaboutthebinarychoiceof whether
apersonis repeatingold informationor addingnew information
into adialogue.

6. Implications for ASR and Dialogue
Systems

Therehasbeensignificantwork to datein integratingprosodic
featuresinto detectorsof linguistic events,suchaserrorsmade
by dialoguesystems[18, 19, 20], or dialogueacts[21, 22]. We
believethatthelessonswehavelearnedin building quantitative
Stem-MLmodelsof intonationandprosodycanhelp improve
thefeaturevectorsusedin thesetypesof classificationsystems.
Our experimentshereshow thatwecanaccuratelydescribethe
prosodyof userutterancesby characterizingprosodicpatterns
with asparsesetof templateandstrengthparameters.By find-
ing correlatesof theStem-MLparametersto linguisticphenom-
ena,therefore,wecanbegin to developmodelsfor detectionof
theseevents.

In Mandarin,for example,it is difficult to predictwhether
a sentenceis declarative or interrogative using sentence-final
pitch valuesbecauseof the interferenceof tones. However,
Stem-MLstrengthvaluesandphrasecurvesdo givea moreac-
curateassessment of thetypeof sentence.

If thetonesequenceisknown,wecanpredictwhereonecan
find thebiggestdifferencebetweendeclarativeandquestionin-
tonation.By coordinatingwith initial wordhypothesesfrom an
ASRsystem,wecangatherevidenceasto thesentenceintona-
tion type. In practice,theremay not be a uniquesolution,but
therewill beevidencefavoring thecombinationof certaintone
sequencesandintonationtypes.Thiscangreatlyaidspokendi-
aloguesystemsby providing confirmationof whetherthe user
is providing informationto the system,or is makinga request
of sometype.

Our investigationof Englishnounphrasesin a spokendia-
loguesystemshows thattemplaticpatternsalsocarrysomein-
formationfor discourseanalysis.Certainpatternsin our(admit-
tedly small)databaseareusedwith differentfrequencieswhen
thespeakeris frustrated,or is repeatinginformation. In future
work,wehopeto find similareffectsin otherlanguages,bothin
themodelingandrecognitionof intonationtypesandemotions.

In thefuture,weintendtoextendourmodelto findprosodic
patternswithin ASR recognitionhypothesesby searchingover
thepossibletemplaticpatterns.Oncethis is accomplished,we



canautomatethetrainingprocessfurtherby bootstrappingfrom
thehand-labeleddata,automaticallylabelinglargercorporafor
furthermodeltraining.

The currentwork carriessomeimportantimplicationsfor
spokenlanguageunderstandingsystems– when we are able
to detectcoherentprosodicpatternscorrespondingto linguis-
tic structures,we canapply this knowledgeto the verification
of hypothesesmadeby variouscomponentsof a spokendia-
loguesystem,e.g.,an ASR systemor a pragmaticinterpreter
thatmakesinferencesaboutuserinput. However, onlybystudy-
ing theprosodicpatternsthatarepresentwithin naturalspeech
canwe hopeto extract informationthat canbe integratedinto
thesedialoguesystems.
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