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Abstract

We built andtraineda model of intonationin continuous
Mandarinspeechbasedon the Stem-ML model of interacting
accents.With this model,we found thatwe canaccuratelyre-
producetheintonationof thespealer usingonly oneaccentem-
plate for eachlexical tone category. The resultingparameters
areinterpretableandwe find thatthefitted modelis consistent
with linguistic expectations.Stem-ML is a phenomenological
modelof the muscledynamicsand planningprocesghat con-
trols thetensionof thevocalfolds. It describegheinteractions
betweemearbytonesor accents.

1. Intr oduction

TonallanguagessuchasChinesepsevariationsin pitchto dis-
tinguishotherwiseidenticalsyllables.Thus,goodpitch predic-
tion in a text-to-speectsystemis importantnot just for natural
soundingspeectbut alsofor goodintelligibility .

Thechallengeof tonallanguagess thattherealizedf, con-
tour sometimeseardlittle obviousrelationshipto the concate-
nationof the tones. Figure ?? shavs a Mandarinphrasefan3
ying4su4du4‘“reactiontime”, alongwith thetonesfrom which
it is constructed?]. Thelastthreesyllablesareall recognized
astone4 by natve spealers, but have drasticallydifferent fo
contours.Ourmodelcansimply explainthesechange®f shape.

Ourview of intonationstartsirom asmallcollectionof tone
classeseachof whichimplementsomelinguistic function. We
thencalculatehesurfacerealizationof thepitchasafunctionof
the shapef nearbyaccentsandtheir strengths.This function
mustbe consistenwith muscledynamics(it mustbe smooth
and continuous)and also with the neuralmechanismsehind
speechpre-planningon the phrasdevel).

The automaticfitting is doneby way of Stem-MLtags[?].
We parameterize setof tags,thenfind the parametewvalues
thataccuratelyreproducea training corpus. A positive feature
of Stem-ML is that the representations understandablead-
justable,and canbe transportedrom onesituationto another
Onecanevengenerat@cceptablepeectby usingthetemplates
of one spealer with parameterdrom anotherp]. Parameters
trainedon one corpusshouldbeara reasonableelationshipto
the sameparametersrainedon anothercorpus,andalsoto lin-
guistic expectations. Stem-ML also allows one to mix hand-
fitting andmachinefitting. Fev machindearningsystemsave
theseproperties.

In someprevious approached] 7], a neuralnetwork (NN)
is trainedto selecta sgmentof intonationfrom alargenumber
of discreteclasses.However, addingnew classeobscureshe
relationshipbetweerthe surfaceform andthelinguistic driving
information. Occams razor[?] directsthat“What canbe done
with fewer [entities]is donein vain with more”! Further NNs
are,mathematicallyaninterpolatemvhosestructures unrelated
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Figurel: Tonesvs. realization. Theupperpanelsshowshapes
of tones3 and 4 takenin a neutral ervironmentand the lower

panel showsthe realization of an actual sentencecontaining
thosetones.Thegrey curvesshowthe templatesandthe black

curveshowsthe f, vs.timedata.

to the systemthatthey model,so one cannotexpectthe output
of aNN to behae well in situationsoutsideits training set.

2. Modeling Intonation
Stem-MLintroducesseveralideasinto intonationprediction:

e we assumehatpeopleplantheir utteranceseveral syl-
lablesin adwance,

e we assumehatpeopleproducespeectthatis optimized
to meettheir needs,

e we introducea linguistically reasonableconceptof a
strengththatis associatedvith eachsyllable,and

o weapplyaphysicallyreasonablenodelfor thedynamics
of themuscleghatcontrolpitch[?].

Pre-planningn speectwasfirst shavn in termsof the con-
trol of inhaledair volume[?, ?]: peoplewill inhalemoredeeply
when confrontedwith longer phrases. This fact implies that
at leasta rough plan for the utterancehas beenconstructed
~ b500ms before speechbegins. Figure 8 in Bellegardaet
al. [?] shaws evidenceof pre-planningof fy, overa = 1.5s
range,at leastin practiced laboratoryspeech.lt shawvs thatin
an upwardspitch motion, the rate of the motion is reducedas
the intenal lengthens presumablyto avoid running above the
speakr’'s comfortablepitch range.

Next, we assumehat speechis optimizedfor thespealker’s
purposes.A speakr hasthe opportunityto practiceand opti-
mizeall the common3-toneor perhapsi-tonesequencesven



if oneassumeshat eachtone needsto be practicedat several
distinctstrengthevels.

The questionthen arises,“optimal in what sense?” We
proposethat optimality be definedby a balancebetweenthe
ability to communicateaccuratelyand the effort requiredto
communicatef]. Specificallythattheoptimalpitch cureis the
onethat minimizesthe sumof effort plus a scalederror term.
Certainly when we speak,we wish to be understoodso the
speakr must considerthe error rate on the speechchannelto
thelistener Likewise, muchof whatwe do physicallyis done
smoothly with minimummuscularenegy expenditure somin-
imizing effort in speechs alsoa plausiblegoal.

Theerrortermbehaeslike acommunicationgrrorrate: it
hasits minimum if the prosodyexactly matchesan ideal tone
templateandit increasessthe prosodydeviatesfrom thetem-
plate. The choiceof templateencodeshe lexical information
carriedby the tones. The spealkr tries to minimize the devi-
ation, becausef it becomedarge, the spealer will expectthe
listenerto mis-classifythe tone and possibly misinterpretthe
utterance.

The effort expendedin speechcanbe approximatedrom
knowledgeaboutmuscledynamicq?]. Qualitatively, our effort
termbehaeslik e the physiologicaleffort: it is zeroif muscles
are stationaryin a neutralposition, and increasesas motions
becomefasterandstronger Accordingly Stem-MLmakesone
physicallymotivatedassumption.lt assumeshat f is closely
relatedto muscletensions Theremustthenbe smoothandpre-
dictableconnectiondetweemeighboringvaluesof f, because
musclescannotdiscontinuoushchangeposition. Most muscles
cannotrespondfasterthan 150ms,a time which is compara-
ble to the durationof a syllable, so we expectthe intonation
of neighboringsyllablesto affect eachother In this sensepur
modelis anextensionof thoseof [?, ?, ?].

Effort is ultimately measuredn physicalunits, while the
communicationerror probability is dimensionlessso a scale
factoris neededo male the two compatiblefor addition. This
scalefactorvariesfrom syllableto syllable,andwe identify it
with thelinguistic strength or importanceof eachsyllable.If a
syllable’s strengthis large, the Stem-ML optimal pitch contour
will closelyapproximatethe tone's template,andthe commu-
nicationerror probabilitywill be small. In otherwords,alarge
strengthindicatesthatthespeakris willing to expendtheeffort
to producepreciseintonation.On theotherhand.,if thesyllable
is unimportantndits strengthis small,the produceditch will
becontrolledby otherfactors:neighboringsyllablesandeaseof
production. Thelistenerthenmay not be ableto reliably iden-
tify thecorrecttoneonthatsyllable. Presumablythelisteneris
eitherableto infer thetonefrom the surroundingcontext or the
speakr doesnt careif the listenercanunambiguouslydentify
thetone.

Wethenwrite simpleapproximationgo theeffort anderror
terms, so that the model can be solved efficiently as a set of
linearequations.

3. Experiment
3.1. Data Collection

The corpuswasobtainedfrom a malenative Mandarinspealer

reading 423 sentencesfrom newspaperarticles, selectedfor

broadcoverageof prosodicfactors.We fit two subset410 sen-
tenceseach,347 and390syllables) randomlychoserfrom the

corpus. The speakingratewas4 + 1.4 syllablesper second,
with aphrasedurationof 1.2 £ 0.7s.

Toneswereidentifiedby text analysisandchecled by two
native speakrsto find neutraltones.Phoneandphrasebound-
arieswerehand-sgmentedandwereusedto definesyllables.

We computed fo with an automaticpitch tracker, then
cleanedhedataby hand,primarily repairingregionswherethe
trackwasanoctave off.

3.2. Optimization

The Stem-ML modelis built by placingtagson syllables,with
adjustablgparametersdefiningthetagshapesndpositions(de-
tailsbelaw). Thetwo subsethiave 388and431freeparameters
in their respectre models,or anaverageof 1.1 parameterger
syllable.

The algorithm learnedthe parameterdy minimizing the
sumof the squaredrequenyg differencebetweerthe dataand
the Stem-ML model. Unvoicedregionswere excluded. We fit
separatelyor eachsubsetto allow comparisons.

We useda Levenbeg-Marquardtalgorithmf?, ?] with nu-
mericaldifferentiationto find the parametershat give the best
fit. Thealgorithmrequired= 30 stepsbeforethe RMS error
and parameterstabilized. The strengthparametersare local,
andcorrelatedbnly with afew neighborsput thereareacoreof
37 global parametershatarecorrelatedwith everything.

3.3. Mandarin-specific Model

Our modelfor Mandarinis a more predictive, strongermodel
thanbareStem-ML.

We give eachsyllable a strength parameteras described
abore. Thesestrengthsarethe only placein our modelwhere
linguistic informationcaninfluencethe f, contour(beyond se-
lectionof thelexical tone).

Wealsoassumehateachof thefivelexical tonesclassesire
describedy onetemplatethis templateis merelystretchedin
time) andshifted(in pitch) to describeall syllableswhich have
thattone. A templateis describedby 5 (2 for neutraltones)
pitch values,spacedacrossits scope,a type parameterwhich
describesvhethertheshapeor theaveragepitchis moreimpor-
tant, and stype which shifts the entire accentup anddown by
stypetimesthe syllable’s strength.

Thereareseveralglobalparameter¢hataffectall tonesand
syllables. Two parameterslescribethe scopeof templatesel-
ative to syllable lengths: ctrshift, andwscale Phrasesrede-
scribedby a straight-linephrasecurve, which is controlledby
threeglobalparametersthedeclinationrate,thedependencef
the declinationon the sentencdength, andthe dependencef
theinitial heightof the phrasecurve on sentencdength. Four
other Stem-ML parametergontrol global properties: adroop,
add smooth and base To completethe model, Stem-ML
phrase tags were placedin the centersof silencesat phrase
boundaries.

4. Discussion
4.1. Resultsof Fit

Overall, our model fits the datawith a 12 Hz RMS error, or
approximatelyl.5 semitones.Much of that error is probably
accountedor by phoneme-dependesggmentaleffects. In Fig-
ure ??, we shawv atypical phraseandin Figure??, the phrase
thatcontaingheworst-fitsyllable(att = 1.52s). Generallythe
worst-fitting syllablestendto be the oneswith the largestand
fastespitch excursions.TheseareconditionswhereStem-MLs
approximationto muscledynamicsmay breakdown, or where
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Figure2: Typicalfit (solid) vs. data(dots). Syllablecentes are
marledwith dashedines,and Stem-MLltemplatesre shownin
grey. Thenearly-horizontaline is the phrasecurve
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Figure3: Phrasecontainingthe worst-fit syllable (t = 1.52s.)
Displayedasabove

the simple approximatiorthat we useto estimatethe error be-
tweentemplatesand the realizedpitch curve may be furthest
from the actualperceptuametric. Thesefiguresalso display
the best-fittonetemplateswhich are similar to thosefoundin

[?].

In the optimization,it is foundthatsomeof the parameters
arestrongly correlated so therearetrade-ofs amongparame-
tersthatyield almostidentical fo curves. In otherwords, the
datashouldbe ableto be explainedby fewer thanthe 1.1 pa-
rametersper syllable thatwe usehere. An resultof our over
parameterizations that individual parametervalues become
“noisier”. We checled the magnitudeof this problemby start-
ing the optimizerwith two different,randomlychosensetsof
parametergor oneof the subsets.The medianabsolutediffer-
encein strengthsrom thetwo repetitionsis 0.67,andthe me-
dianof thelog of the strengthratiois 0.54. Thedifferencesare
smallenoughthatwe shouldstill beableto seesomelinguistic
structurein the strengthvalues,eventhoughit will be partially
hidden.

4.2. Information contentof prosody

Sincewe have a quantitatve modelthataccuratelyreproduces
intonation,we canestimatetheinformationthatpitch cancarry
from the speakr to the listener We do this by quantizingthe
strengthswith different numbersof bits, and observinghow
muchthefit degrades Encodingstrengthswith 2 bitsincreased
the RMS error by just 5% , while 1 bit per strengthraisedthe
errorby 40%, andO bits (settingall the strengthgo 1) raised
theRMS errorby 110%.

foo

300.G

250.0—

200.0-

150.0— /F\,/"'
==SSEE=——_

=
g

fo

100.0—

50.0 s s s s s s
-0.1 0.0 0.1 0.2 0.3 0.4 0.5 0.6

time

Figure4: Simulationshowingthat the best-fittone 1 is primar-

ily definedby its shape Thegrey lines are 5 pitch curvesfor

differentlevelsof theinitial tone;the secondonehasthebest-
fit toneshapeand parametes, with the corpusmedianstrength
of 1.07. Becausehe curvesare roughly parallel, we can see
thatthetoneshiftsasa unit, and doesnot tie the pitch strongly
to anyparticular value

While an actual measureof the information capacityre-
quiresperceptuateststo measurethe probability of misinter
pretationinspectionof the fo curvesindicatesthattwo bits per
syllableis probablysuficient. This leadsto a datarateof =~ 16
bits per secondor theintonationchanneljncludingtoneiden-

tity.
4.3. Analysis of parameters

For Stem-ML to be a model of a language,insteadof just a
schemefor efficiently coding fo contours,we shouldbe able
to correlatethe resultsof the fit with linguistically important
features.In the following sectionswe will discussthe results
of thefit andseehow they correlatewith linguistic expectations.

First, the fitted scopeof the templatesis very closeto a
syllable. The bestfit templatesarejust 15% + 3% longerthan
their syllable, and their centersare offset by 6% + 7% after
the centerof the syllable. This impliesthatthe toneis equally
importantat both endsof the syllable,and matcheswell with
theintuition thattonesareassociateavith syllables.

Next, we seethatthe type parametersrefairly small,im-
plying thattonesaredefinedprimarily by their shapeandonly
weakly by their positionrelative to the baseline.The meanof
typeover all toneclassess 0.20. To shawv the implication of
this, considerthe endof a phrase:we canimaginepushingthe
pitch of the penultimatesyllable up anddown, andmeasuring
howv muchthe pitch at thetail of thelastsyllablechangesFig-
ure ?? shaws the relevantmodel. This simulationcanbe sum-
marizedby atransferratio, R, whichis calculatedby takingthe
ratio of the spreadamongdifferent pitch curves at the tail of
thelastsyllable(t = 0.57s) divided by the spreadat thetail of
the syllablebefore(t = 0.34s). The averageof the end-to-end
transferratio, R, is 60%: thetail movesa little morethanhalf
asmuchasthe head,andis not stronglyanchoredo a particu-
lar pitch. Shapeis mostimportantto tone 1, with R = 83%,
andtheaveragepitchis mostimportantfor tones3 and4, where
R = 41% and39%,respecirely.

Another parameterwhich has a simple interpretationis
adroop. Adroop controlsthe end-to-endransferratio for very
weak(strength << 1) tones.Following the abore procedure,
onecanconstructa sequencef zero-strengthiones,adjustthe
pitch at one end, and measurehonv much of that perturbation
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Figure 5: Box plots of log(strength) of syllablesin different
positions. The horizontalline showsthe medianof the corpus.
Eac boxshowsthemedian 25" and 75" percentilesandout-
lying points; notches showthe 95% confidencdimits for the
median.
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Figure6: Boxplotsof log(strength) valuesof syllablesin four
syllable words. The horizontal line showsthe medianof the
corpus.Plottedasabove

propagatesacrossa 220 ms syllable. We get an end-to-end
transferratio of 30%, which indicatesthat, while a tone may
have a strongeffect on it’s nearesneighbor it will have arel-
atively weakeffect on the next-nearest-neighbpandvery little
beyondthat.

The fits alsoyield a value for the add parameterandthe
result,add < 0.3 is consistentwith Fujisaki's[?] exponential
scaling.

In ourmodel,thephrasecuneis asimplelineardeclination
model, which dependsonly on time and the sentencdength.
Both subsetshave reasonableleclinationratesfor theseshort
phrases—20Hz - s~! and—60Hz - s~ 1.

4.4. Analysis of Strengths

The strengthghatresultfrom this fitting processcanbe corre-
latedwith linguistically importantfeatures.For instance Fig-

ure ?? shaws the distribution of strengthsasa function of posi-
tion. Word-initial, phrase-initial andutterance-initiapositions
have greaterstrengthghanaverage while final positionshave

reducedstrengths. Theseresultsare consistentwith expecta-
tions[?].

Metrical structuresn wordsare alsoapparenin thefitted
strengths.Figure ?? shaws strengthvs. positionin four sylla-
ble words. Our resultsare consistentwith the rhythmic stress
patternsn LibermanandPrince[?].

5. Conclusion

For more information, see
labs.com/project/tts/stem.html

The simplicity and compactnessvith which one can de-
scribe Mandarinusing this representatioimplies that it cap-
turessomeimportantaspect®f humanbehaior duringspeech.
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