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Blue 
urves show tone templates taken in a neutral environment.The green 
urve shows the same tones in 
onversation.With Stem-ML, the distorted tone shape on the se
ond syllable isa

ounted for with a low strength value. Four tags, along withglobal parameters that de�ne pit
h range and lexi
al tonetemplates, reprodu
e the observed f0 
ontour.

error = Xk2tags s2krk (1)
where ri = Xt2tag i(1� �2)1=2(pt � yt)2 + �(�p� �y)2: (2)

e�ort =Xt _p2t + �2�p2t (3)
Where y is the template, and p is the pit
h, and � is the mus
leresponse time, and � 
ontrols whether the shape or the averagevalue of an a

ent is most important. The strength of the ktha

ent is sk. The index k identi�es a tag, and t 
overs the tag'ss
ope.

Stem-MLStem-ML 
ombines several ideas into a model of intonation:� People plan their utteran
es several syllables in advan
e.� People produ
e spee
h that is optimized to meet their needs:Spee
h balan
es between a

urate 
ommuni
ation and ease ofprodu
tion.� A physi
ally reasonable model for the dynami
s of the mus
lesthat 
ontrol pit
h: f0 is smoothly related to mus
le tensions.� A prosodi
 strength asso
iated with ea
h syllable:{ High strength ! 
areful arti
ulation ! nearly ideal shape& expanded pit
h range.{ Low strength ! minimum e�ort ! pit
h is 
ontrolled byneighborhood.

Abstra
tRe
ognition of prosody is diÆ
ult be
ause many linguisti
allymeaningful gestures of intonation are not obvious from the surfa
eintonation 
ontour. Stem-ML (Soft TEMplate Markup Language)is a model of prosody planning and exe
ution, grounded inphysiology and 
ommuni
ations theory that has some ability tountangle the intera
tions among a

ents. The underlying a

entsare simpler, relatively independent, and more predi
table. Thismodel may impa
t ASR in three areas:1. Re
ogniton of prominen
e: why unstressed words 
an havehigh f0 values.2. Re
ognition of questions: a few underlying patterns a

ount fordiversity on the surfa
e.3. Prosodi
 
lassi�
ation of phrases: A

ent shape modeling overEnglish noun phrases.

Prosodi
 Strength� Unimportant fun
tion words often have higher f0 than theirneighbors.� Normalizing for senten
e e�e
ts and dis
ourse fa
tors 
annotsolve the problem of lo
al interpretation of f0 height relative tonearby words: This 
ompli
ates any algorithm designed toderive information from prosody.� Stem-ML 
an a

ount for the high f0 of these una

entedwords.

Example of a high-pit
hed fun
tion word in \I would like to arrive: : : " (DARPA Communi
ator database). Data is shown as \*".Dashed line is predi
ted from ToBI label interpolation; the value istoo low whi
h would imply \to" to be prominent. Solid line showsStem-ML model, where \to" has zero strength, and therefore lieson a smooth 
urve 
onne
ting the neighboring a

ents.

Melody Chan (Yale University), and Jia−Hong Yuan (Cornell University)

Chilin Shih, Greg Kochanski, Eric Fosler−Lussier (Bell Laboratories)

Implications of Prosody Modeling for Prosody Recognition

{cls,gpk,fosler}@research.bell−labs.com

Stem-MLStem-ML 
al
ulates a pit
h 
urve by �nding the 
urve that has thesmallest sum of e�ort+error, where e�ort behaves like thephysiologi
al e�ort: it is zero if mus
les are stationary in a neutralposition, and in
reases as motions be
ome faster and stronger. Theerror term measures how far the pit
h 
urve deviates from an idealtemplate.In Stem-ML, a \tag" is a tone template, along with a fewparameters that des
ribe the s
ope of the template and how thetemplate intera
ts with its environment. It 
orresponds to themathemati
al des
ription of an intonation event (e.g., a tone or ana

ent). Tags also have parameters that 
ontrol how they intera
t.
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The following two plots show the �t of Stem-ML models (red
urves) to the observed 
ontour of Mandarin questions (green
ir
les).A senten
e ending in a �nal rising tone (2). The high endingsignals question intonation.
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A senten
e ending in a �nal falling tone (4). The high peak signalsquestion intonation.
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{ Knowing the prosodi
 pattern gives 0.3 bits of informationin indi
ating frustration level� Small 
orrelation between f0 patterns and new vs. oldinformation{ Labeled ea
h NP with whether it 
ontained new or oldinformation in 
ontext of the dialogue{ Knowing the prosodi
 pattern gives 0.1 bits of informationin indi
ating new or old information� RISE indi
ates new information more than average� HAT indi
ates old information more than average� No 
orrelations found with strength parameters� More data is needed to 
on�rm these results

Template Patterns and Linguisti
 Events
� As 
onversation progresses:{ Initially, users are often polite, give requests to system� Rising intonation on NPs with 
ight origin, destination,date, time{ After failed system re
ognition, pattern 
hanges:� Speakers slow down, pause more, and swit
h to HAT andDROP patterns{ Consistent with other studies� Modest 
orrelation between f0 patterns and frustration{ Labeled ea
h utteran
e with the frustration level of the user� 1=no frustration, 2=frustation, 3=extreme frustration

dis
ourse analysis� Choi
e of template 
an be indi
ative of frustration,repeated information� Implementation in re
ognition requires sear
h overpossible template patterns� Sear
h spa
e 
an be narrowed by �rst pass re
ognition

Impli
ations for ASR and Dialogue Systems� There has been signi�
ant work in integrating prosody intospoken language systgems, e.g.:{ Dete
ting errors made by dialogue systems{ Dete
ting user dialogue a
ts� Using templates and strength parameters 
an provide a goodbasis for building these dete
tors{ Mandarin experiment: 
an separate e�e
ts of tone andphrase 
urve with a simple model� ) 
an improve dialogue a
t dete
tion betweeninterogative/de
larative senten
es� Would require 
oordinating initial ASR word/tonehypotheses with Stem-ML model, joint best-pathestimation{ English experiment: template patterns 
arry information for
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2. In
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The following three plots show Stem-ML models (red) of Englishsenten
es (green 
ir
les). The 
oding (blue) for ea
h senten
e isgiven below the text.

Pattern Code Freq Des
riptionDROP Æ 40 primarily fallingRISE � 38 primarily risingLEVEL � 9 no movementHAT � 9 initial rise, terminal fallVALLEY � 7 initial fall, terminal riseo = all words outside the noun phrase � = boundary tonesNoun phrase templates trained by Stem-ML.
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Noun Phrases in English DialoguesCan 
onsistent prosodi
 templates be found for English nounphrases?� Studied noun phrases in DARPA Communi
ator 
orpus{ Human-
omputer dialogues in travel reservation task{ Sub
orpus: 103 noun phrases from 57 utteran
es, 26speakers� Through data analysis, �ve basi
 prosodi
 
lasses were found:
1. Higher phrase 
urve for question
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Question IntonationMandarin question intonation shows an interesting diversity due totone and intonation intera
tion. A senten
e with a �nal rising tone(tone 2) has higher ending, while a senten
e with a �nal fallingtone (tone 4) has higher peak.The optimal models trained by Stem-ML explain the di�eren
eswith two simple me
hanisms:


