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Abstract

This paperintroducesStem-ML, which is a model of the
prosodygeneratiorprocesswith anassociatedescriptionlan-
guageandsuggestiow it may help prosodyrecognition. We
applied Stem-ML modelingto threetopics: the modeling of
prosodicstrengthsjntonationtypes,andnounphrasepatterns.
Stem-ML parameterslerived from f, contoursmay have a
more consistentelationshipwith prosodiceventsthanraw f,
values. This may improve identificationof accentclassesac-
centstrengthsandintonationtypes.

1. Introduction

This paperintroducesStem-ML[1], which is a model of the
prosodygeneratiorprocesswith anassociatedescriptionlan-
guageandsuggesthiow it may helpprosodyrecognition.

Recognitionof prosodyis difficult becausemary linguis-
tically meaningfulgesturef intonationare not obvious from
the surfacentonationcontour For example, f, heightdoesnot
alwayscorrespondo linguistic prominencephrasecurvesare
not directly measurableand the contet influenceghe shapes
of accentsn the sameway that neighboringphonesinfluence
eachother Givenareasonablenodel,Stem-ML canbeusedto
find the optimal descriptionof prosodywithin thatmodel,and
canuncover meaningfulgestureghat are not apparenbon the
surface.

Stem-ML (Soft TEMplate Markup Language)s a physio-
logically basednodelof the prosodygeneratiorprocesghatis
drivenby linguistically-definedaccentslt canbeusedasanin-
tonationcodingsystemwhich combinegthelinguistic descrip-
tive function of taggingsystemssuchasToBI [2, 3], anda fo
generatiorcapabilityanalogoudo Fujusakis intonationmodel
[4]. It definesa setof tagsthat canbe usedto describeab-
stractlinguistic attributesof prosody including accentclasses
andphrasecurves, with numericalattributesthat candescribe
intonationvariations.Thetagsaremathematicallyefinedwith
analgorithmfor translatingagsinto quantitatve prosody

Thetagto surfacef, mappingdis unambiguousGiventags,
Stem-MLgenerateg, deterministically However, mappinge-
lation in the otherdirectionis ambiguous.Similar to the prob-
lem of speecttodingby articulatoryparametergherearemul-
tiple possibilitieso represenagiven f, contour Onemaycon-
strainthe occurrenceof tagsaswell asthe parametewaluesof
tagsby employingintonationmodels which allows oneto pre-
dict theusageof accentypesandphrasecurves.

In the following sectionswe first describethe intonation
models,thendiscussthe uniquemodelingadvantageoffered
by Stem-MLandtheir potentialimpactto ASR in threeareas:
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Figurel: Tonesvs.realizationin the phrasefan3ying4su4du4
“r eactiontime”. Theupperpanelsshowshapeof tones3 and
4 takenin a neutral environmentand the lower panel shows
the realizationof the phrasecontainingthosetones. Thegrey
curvesshowthetemplatesandthebladk curveshowshe f; vs.
timedata.

1. Themodelingof prosodicstrengthsexplainingwhy un-
stressedvordscanhave high f, values.

2. Themodelingof intonationtypes,wherea few underly-
ing patternsaccountor diversepatternon thesurface.

3. Accentshapemodelingandthe classificatiorof intona-
tion contoursover Englishnounphrases.

Stem-ML parameterslerived from f; contoursmay have
a more consistentrelationshipwith prosodiceventsthan rav
fo values. This may improve identificationof accentclasses,
accentstrengthsandintonationtypes. In the paper we report
worksin MandarinChineseandEnglish.

2. Prosodic Moddl: Soft Template Markup
L anguage

Stem-ML wasinitially inspiredby tonal distortion datafrom

MandarinChinesesuchasthe oneshawn in Figurel [5]. The
exampleshovstonetemplatews. therealizedpitchtrackof the
phrasefan3ying4 su4du4 “reactiontime”. The upperpanels
shav shapesof tones3 and4 takenin a neutralervironment
and the lower panelshows the lexical tone templatesn grey

cunesandthe actualf, vs.timedatain blackcurve. Thetone
shapeof the secondsyllableis drasticallyalteredto the extent
thata lexical falling toneis realizedwith a surfacerising shape.



This kind of distortionoccursin fastspeechon a prosodically
weaksyllable. The directionof the changes predictable:the
resultingtoneshapeconformsto the neighboringones.
Stem-MLmodelsf, by modelingthedynamicsof themus-
clesthat control the tensionof the vocal folds. Musclescan-
not move instantaneouslyso it takestime to makethe transi-
tion from oneintendedtone or accenttamget to the next. We
representhe surfacerealizationof prosodyasan optimization
problem minimizing the sumof two functions:a physiological
constraintG, which imposesa smoothnessonstrainty mini-
mizing effort requiredto producethe pitch track p, anda com-
municationconstraintR, which minimizesthe sumof errorsr
betweertherealizedpitch p andthetamgetsy.

G=) pi+7H
t

Ti = Z a(pe —y:)* + B(p—9)°

tE tag

(r, « and g areconstantghathelp definehow tonesinter
act, p is the averagepitch over the scopeof atag,andy is the
averageof y over thetag. p andp arefirst and secondtime
derivativesof p. Theabove equationaresimplifiedfor presen-
tation.)

The errorsare weightedby the strength,s;, of thetag. s;
indicateshow importantit is to satisfythe specification®f the
tag. If atagis weak, the physiologicalconstrainttakesover
andin thosecasessmoothnes®ecomeanoreimportantthan
accurag, andthepitchis thendominatedy thetag'sneighbors.
Strongettagsimposetheir shapeon p, andexertmoreinfluence
ontheirneighbors.

With thismodel,thedistortedtoneshapeon thesecondsyl-
lablein Figurel is accountedor with alow strengthvalue. A
tag setof 311 40.2 41.2 40.8, In conjunctionwith global pa-
rameterghatdefinepitch rangeandlexical tonetemplatesre-
producegheobsenred f, contour Theleadingnumeralsn the
tag setrepresenthe lexical tonetemplategeachimplemented
asa5 point representationlescribingthe tone shape) andthe
subscriptrepresentshe strengthof thetonetemplate.
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Figure 2: F, curve geneated by Stem-MLfrom the tag set
31.1 40.2 41 2 408, andglobal parametersiefiningpitch range
andlexical tonetemplates.

3. Prosodic Strength

Strengthin Stem-MLis a measureof how preciselya speaker
adherego the specificatiorof thetoneor accentemplate This
definitionhassomeadvantagesver adefinitionof strengttthat
is basedon pitch heightor pitch range:it links distortedtone
shapedo prosodicallyweakpositionsandexplainsthepossible
outcome.Underthis definition, the secondsyllablein Figurel
is interpretecasweakwhile it hasareasonablyide pitchrange
andhigh f, value.

It is well-known that fo heightis not alwaysa goodindi-
catorof prosodicstrength6]. Therelationshipbetweerheight
and strengthcan be improved by taking into accountvarious
sentenceeffects and discoursefactors. Nonthelesssuchnor-
malizationproceduregannotsolve the problemof local inter
pretationof f, heightrelative to nearbywords. Onefrequently
finds caseswvhere unimportantfunction words have higher f;
thantheirimmediateneighbors Thiscomplicatesny algorithm
designedo derive informationfrom prosody Stem-ML offers
amodelof acceninteractionwhich canaccounffor the high fo
of theseunaccentedvords.

Figure 3 shows suchan example. A natural fo curwe is
plottedfrom the phrase’l would like to arrive ... ” foundin
the DARPA Communicatordatabasg7]. In this example,to
hashigher f,; thanthesurroundingontentwordswhich areob-
viously stressedThe dashedine shovsthe predictedf, values
of anunaccentedo by linearinterpolationfrom the endof the
precedind-*+H accento thenext L*+H accent.Thepredicted
fo valueis too low, andif oneassumeshat f; is locally related
to strengththe mostnaturalwayto accounfor the higher f; is
to assigna unreasonabliarge strengthto “to”

On the otherhand,the solid line shavs a Stem-ML model
of theregion, wherethe heightof theword to is a naturalcon-
sequenc®f its environment. In this model,the threewordsl,
like andarrive aretheonly accentedvords,all sharingthesame
rising accenttemplate.| is stressedveakly while like andar-
rive are stressedstrongly The function word to rideson the
slopedefinedby its moreimportantneighbors. Becauseto”
haslittle strengthjt doesnotaffectthe prosodyin its vicinity.

This strongtonal coarticulationis physiologicallyneces-
sary asthe muscleghatcontrol f, aresimply not fastenough
to adjustbetweerthe endof onesyllableandthe beginning of
the next. Most musclescannotrespondfasterthan150 ms, a
time whichis comparableo the durationof a syllable.

In recentwork [8] we areableto replicateMandarinsen-
tenceintonationto within 12 Hz rmserrorwith 0.68parameters
per syllable. The parameterénclude one strengthparameters
perword andglobal settingsincluding lexical tonetemplates,
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Figure 3: Exampleof a high-pitcdhed functionword. Data is
plottedas“*”. Dashedine is predictedfrom ToBlI label inter-
polation; solid line from Stem-MLconstaints.



pitch rangeand smoothingwindow of muscledynamics. The
Stem-MLfitted strengthsorrelatewith linguistic structurebet-
terthansurfacef,. We expectthatthisfinding will generalize
to theinterpretatiorof prosodicstrengthin English.

4. Question intonation

Mandarinquestiorintonationshavsaninterestingliversitydue
to toneandintonationinteraction.A sentencendingin arising
tone hasa higherrising tail, muchlike English questioninto-
nation. In contrast,a sentenceendingin a falling tone shows
a higher peakwithout a rising tail, behaior similar to Greek
guestionsConsequentlya H% boundarytonealignedwith the
end of the sentencenay accountfor Englishaswell as Man-
darinrisingtonesput fail for Mandarinfalling tonesandGreek.

Previous literature has talked about rising phrasecurve
[9, 10] or high boundarytones[11, 12] of questionintonation.
But neitherof the accountanexplain all questionpatternsin
Mandarin. While onetypically findsregionsof high pitch near
the endof a questionexactly wherethey occurdependonthe
tonesequenceln sentencesvith final falling toneor final low
tone,thepitch mayendlow.

The optimalmodelstrainedby Stem-ML canpreciselyex-
plain the differencebetweendeclaratve andinterrogatve sen-
tencesasa combinationof two mechanismsan overall higher
phrasecurve for the questionandincreasingstrengthvaluesof
tonesneartheendof thesentenc¢l13]. Thisresultis consistent
with a perceptiorstudyof questionintonation[14], wherelis-
tenersaremorelikely tointerprethigherpeakandhigherending
pitch asquestionsindependenof theirlanguageéackground.

Furthermorethe optimal phrasecurves of the two intona-
tion typesareroughlyparallel,asshavn in Figure4. Thesolid
line representshe phrasecurve of declaratve sentencesvhile
the dashedine representshat of interrogatve sentencesThe
differencebetweenthe two phrasecurvescorrespondso 8.48
Hz.

The picture shovn comesfrom a modelusingtwo points
to represenphrasecurve. Thenearlyparallelphrasecurvesare
alsofound consistentlyin othermodelsthatusethreeor more
pointsto represenphrasecurve.

The higher f, at the end of a questionintonationis ac-
countedor by higheraccent/tonstrengthsFigure5 shovsthe
differencesof strengthvaluesbetweeninterrogatve sentences
anddeclaratve sentenceplottedby syllablepositions.Thein-
creasedstrengthsitthe endimply tighteradherencéo theideal
toneshapesndlarger pitch excursions.

The Stem-MLmodelsshaw thecorrectinteractionbetween
toneandintonation.Higherstrengthaccountgor higherending
pitch of rising and high tones,but raisesthe peakof a falling
tonewithoutaffectingthefinal pitch.

We obtainedexcellentfits for sentencewith differenttonal
combinationsisinghigherphrasecurve andincreasinglyhigher
strengthson sentencdinal syllablesto modelquestionintona-
tion. Figures6 and7 shows the matchbetweenthe model f;
andnatural fo for sentencegndingin rising andfalling tones,
respectiely. Thefilled circlesrepresenhaturalfo andthesolid
linesrepresenthecalculatedf,. Tonesarelabeledontop of the
figuresandthegrey dashedinesmarksyllablecenters.

5. English Noun Phrases

In this section,we reportpreliminaryresultsof a studyon En-
glish nounphrasesn the DARPA Communicatodatabasé¢7].
We studiedwhetherconsistenprosodigatternsouldbefound
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Figure4: Phrasecurvesof questiorintonation(dottedline) and

declamtive intonation (solid line). Thetwo lines are roughly
parallel: questionintonationhashigherphrasecurve
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Figure5: Differenceof syllablestrengthshetweerguestionin-
tonationand declarmative intonation, plotted by sentenceosi-
tions.
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Figure6: Natural (filled circles)and model(solid line) intona-
tion curvesof a sentencendingin arising tone: Li3-bai4-wu3
luo2-yandyao4mai3yang2. “Luo-Yan wantsto buy sheepon
Friday”
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Figure7: Natural (filled circles)and modeledsolid line) into-
nation curvesof a sentenceendingin a falling tone: Li3-bai4-
wu3luo2-yandyao4mai3lu4. “Luo-Yan wantsto buy a deer
on Friday”

in nounphrases.

We first hand-classifieghrosodicpatternsof nounphrases
[15, 16], andthenmodeledthesepatternswith Stem-ML. We
foundthatspeakersisejustafew prosodypatternsn longnoun
phrasesthereforeprosodycan provide someinformation for
identifyingtheseregionsautomatically{17].

Our sub-selectedlatabaseconsistsof 57 utterancegrom
26 speakersTheseutterancesontain103 nounphrases Five
prosodicpatternsaarefoundin thesenounphraseswith thefol-
lowing frequeng distribution. In additionto the 5 patternsye
mark regionsoutsideof the nounphraseasOTHERS A noun
phraseoccurringbeforepauseis alsomarkedwith a boundary
toneattheend.

Pattern Code | Freq | Description

DROP 1 40 | primarily falling

RISE p 38 | primarily rising
LEVEL A 9 | nomovement

HAT 7 9 | initial rise,terminalfall
VALLEY v 7 | initial fall, terminalrise
OTHERS 0 76

BOUNDARY ] 89

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

from AtlantaGA going to LondonEngland
0 A 0 0 p )

from Phoenix Arizona to BangkokThailand.
0 p v € 1) )

Leaving SanAntonio, Octoberl7th, 2000.
o) n B n B 5 B

Using the prosodicmarking of the databasesinput, we
fit Stem-ML modelsto natural fo contoursby optimizing the
shapesf the prosodictemplates the strengthof eachoccur
renceof atemplate,anda setof global parameters.Figure8
plotsthe shapeof the five prosodictemplateghatarelearned
from thedatabase.

DROP RISE VALLEY LEVEL HAT

Figure8: Stem-MLfittedtemplateof nounphrasesn theCom-
municatordatabase

Eachprosodicpatternis representedsa templatedefined
by four points. ! The templatescapturedthe broad f, move-
mentin the nounphraseregions, usingone templatefor each
pattern. The modelignoresshort-termf, movementssuchas
sggmentaleffectsandeven lexical stress.The questionis how
muchof the f, movementcanbe accountedor with a simple
modellike thisone.

Figures9, 10 and11 comparef, tracksgeneratedrom the
codedparametero theoriginal ones.Thenaturalf; is plotted
by circlesandthemodel f, by solid lines.

Figure 9 includesa LEVEL patternfollowed by a RISE
pattern. This is the first sentencén a dialogue,wherespeak-
ersoften usedthe RISE patternto makerequests.The model
fo comesfrom the templateandstrengthcodingshownn below,
wherethe Greeklettersrepresenthe codedprosodictemplates
andthesubscriptarethefitted strengthvalues.Theboundaries
of the patternaaremarkedby dottedlines.
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Figure9: “fr om AtlantaGeomjia goingto LondonEngland: A
LEVEL patternfollowed by a RISEpattern. LEVEL are typi-
cally usedin non-finalpositions. Thisis thefirst sentencén a
dialogue

Figure10 includesa RISE patternfollowed by a VALLEY
pattern,andterminatesn a DROP pattern.This s alsothefirst
sentencen the dialogue. The model f; is derived from the
following coding:

1Experimentswith large numbersof points shaved equally good
fits. Fourpointspertemplatevaschoserastheminimalgoodfit model.



from Phoenix Arizona
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to BangkokThailand.
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Figure10: “fr om PhoenixArizonato BangkoKThailand: This
sentencecontainsthree of the prosodicpatterns: RISE,VAL-
LEY, andDROP. Thisis thefirst sentencén thedialogue

Figurellincludestwo HAT patterndollowed by a DROP
pattern. This is the thirteenthutterancein the dialogueafter
severalroundsof falserecognitionfrom the ASR system.The
speakemwas getting impatientand frustrated,which was ex-
pressedy multiple usageof the HAT pattern.terminal DROR,
multiple pausesandvery slow speakingrate. The model f; is
derivedfrom thefollowing coding:

Octoberl7th, 2000.
60.85 61 7 60.85

Leaving SanAntonio,
011.67 75.15 60.85 n3.7

250
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S 4
T T T T T T
0.0 10 20 3.0 4.0 5.0

time (sec)

Figure 11: “Leaving SanAntonio, Octoberseventeenthtwo
thousand. Two HAT patternsfollowed by a DROP pattern,
Thisis the13thsentencén thedialogue aftermanyrecognition
failures.

In the context of the communicatodialogue the speakers
tendto be polite initially whenthey presennew informationto
the systemasrequestsusingrising intonationon nounphrases
that containinformation suchasflight origin, destinationand
dateandtime of travel. As the systemdail to recognizethese

information, The speakeroften slow down, pausemore, and
switchthe prosodicpatternfrom rising onessuchasRISE and
VALLEY to falling onessuchasHAT andDROP.

There are modest,but real correlationsbetweendifferent
fo patternsandthe informationin anutterancehata dialogue
systemcanuse. For instance the patternwas correlatedwith
thefrustrationlevel of the speakerWe measuredrustrationby
askinga subjectto listento eachdialogue,andto rank at ev-
ery dialogueturn the users frustrationlevel on a scaleof 1 to
3. Knowledgeof the prosodicpatterngives0.3 bits of informa-
tion towardselectingamongthethreemarkedfrustrationlevels.
If we assumehat an automatedlassificationof prosodicpat-
ternswould yield the sameresultsas the humanclassification
we used, this information could be usedto simplify the dia-
logue,andprovide morefeedbacko theuserwhenhe/shestarts
becomingfrustrated.

Likewise,the RISEpatternis associateevith new informa-
tion slightly moreoftenthanwith otherpatternsandthe HAT
patternwith old information.Overall, knowledgeof the pattern
yields0.1bitsof informationaboutthebinarychoiceof whether
apersoris repeatingld informationor addingnew information
into adialogue.

6. Implicationsfor ASR and Dialogue
Systems

Therehasbeensignificantwork to datein integratingprosodic
featuresnto detectorsof linguistic events,suchaserrorsmade
by dialoguesystemq18, 19, 20Q], or dialogueacts[21, 22]. We
believe thatthelessonsve have learnedn building quantitatve
Stem-ML modelsof intonationand prosodycanhelp improve
thefeaturevectorsusedin thesetypesof classificatiorsystems.
Our experimentshereshav thatwe canaccuratelydescribethe
prosodyof userutterancedy characterizingprosodicpatterns
with a sparsesetof templateandstrengthparametersBy find-
ing correlate®f the Stem-MLparameterso linguisticphenom-
ena,therefore we canbegin to developmodelsfor detectionof
theseevents.

In Mandarin,for example,it is difficult to predictwhether
a sentencds declaratve or interrogatve using sentence-final
pitch valuesbecauseof the interferenceof tones. However,
Stem-ML strengthvaluesandphrasecurvesdo give a moreac-
curateassessmeiof thetype of sentence.

If thetonesequences known, we canpredictwhereonecan
find the biggestdifferencebetweerdeclaratve andquestiorin-
tonation.By coordinatingwith initial word hypothesefrom an
ASR systemwe cangatherevidenceasto the sentencéntona-
tion type. In practice,theremay not be a uniquesolution, but
therewill beevidencefavoring the combinationof certaintone
sequenceandintonationtypes.This cangreatlyaid spokerdi-
aloguesystemsby providing confirmationof whetherthe user
is providing informationto the system,or is makinga request
of sometype.

Our investigationof Englishnounphrasesn a spokendia-
logue systemshaws thattemplaticpatternsalsocarry somein-
formationfor discourseanalysis Certainpatternsn our (admit-
tedly small) databasare usedwith differentfrequenciesvhen
the speakeis frustrated,or is repeatingnformation. In future
work, we hopeto find similar effectsin otherlanguagesyothin
themodelingandrecognitionof intonationtypesandemotions.

In thefuture,weintendto extendourmodelto find prosodic
patternswithin ASR recognitionhypothesedy searchingover
the possibletemplaticpatterns.Oncethis is accomplishedywe



canautomatehetrainingprocessurtherby bootstrappingrom
thehand-labeledlata,automaticallylabelinglarger corporafor
furthermodeltraining.

The currentwork carriessomeimportantimplicationsfor
spokenlanguageunderstandingystems— when we are able
to detectcoherentprosodicpatternscorrespondingo linguis-
tic structureswe canapply this knowledgeto the verification
of hypothesesnadeby variouscomponentf a spokendia-
logue system,e.g.,an ASR systemor a pragmaticinterpreter
thatmakesnferencesboutuserinput. However, only by study-
ing the prosodicpatternghat arepresentvithin naturalspeech
canwe hopeto extractinformationthat canbe integratedinto
thesedialoguesystems.
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