Clustering of foot-based pitch contoursin expressive speech
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Abstract

Intonation generation is still one of the weak links in the text-
to-speech synthesis chain. It is a hard enough task to generate
expressively neutral pitch contours, with accurate placement of
accents and phrase boundaries, but to generate appropriate into-
nation for expressive speech is even more of a challenge. This
paper isa rst attempt at describing and categorizing the varia-
tion in pitch contours that occur in expressive speech, whichisa
necessary step in the development of anew intonation model for
expressive speech. The analysisis performed in the framework
of the Generalized Linear Alignment model [10]. A hierarchi-
cal clustering technique of foot-based pitch contours revealed
some interesting phenomena. Apart from the standard declin-
ing phrase curve, we observed phrase curves consisting of an
incline, an optional plateau and a decline. These phrase curves
are often observed on the last two feet making up a minor or
major phrase. In addition, the continuation rise that is associ-
ated with marking the end of a minor phrase, only occurred in
about 10% of the cases.

1. Introduction

Intonation generation is still one of the weak links in the text-
to-speech synthesis chain. Most systems model their intonation
after fairly neutral news-reading style recordings. The prosody
produced in this type of domain is generally well-behaved, and
fairly restricted in pitch range and variation. Even so, the task of
emphasizing the correct words and placing phrase boundaries
at appropriate positions in the sentence proves to be no easy
matter. Generating appropriate prosody for expressive speech
iseven more challenging. In order to use TTSin awide variety
of diagnostic and remedial tools for communication disorders
such as autism or dyslexia [11], we need to tackle this problem.

In the past few years, there have been several studies re-
lated to analysis and generation of prosody in emactional speech
[2, 9, 1]. Most of these studies focused on nding prosodic or
spectral characteristicsthat aretied to different emotions such as
anger, happiness or sadness. The prosodic characteristics usu-
ally include variations in pitch range, average pitch and spesk-
ing rate. Thetask of classifying speech as having a certain emo-
tion is problematic. For one, most speech corpora recorded for
this purpose are semi-spontaneous productions produced by a
professiona speaker or actor in a studio, which does not neces-
sarily resemble emotional speech occurring naturally. Further-
more, in certain applications such as reading childrens’ stories,
emotions vary from sentence to sentence. At this time, we are

This research was conducted with support from NSF grant
0205731, Prosody Generation in Child-Oriented Speech .

not interested in classifying these emotions (and nding corre-
sponding prosodic correlates). Rather, we want to investigate
pitch contours that occur in expressive speechto  nd what vari-
ation in pitch contour shapesis present, so that we can adapt our
intonation model to generate the full spectrum of pitch contours
observed.

Our TTS system uses a variant of the Generalized Linear
Alignment Model [10]. Thismodel considers the pitch contour
to be composed of three components which have different time
spans: phrase curves, accent curves and segmental perturbation
curves. The phrase curves are tied to the phonological phrase.
The assumption is that the phrase curve is made up of two linear
components, one with aslowly declining slope spanning the in-
terval between the start of the phrase and the start of the syllable
that carries the nuclear pitch accent, and one with a steeper de-
cline that spans the interval from the nuclear pitch accent to the
end of the phrase. Accent curves aretied to the foot structure of
a sentence. A foot isde ned as consisting of an accented syl-
lable followed by all unaccented syllables that precede the next
accented syllable or a phrase boundary [15]. In our implemen-
tation of the Generalized Linear Alignment Model, called the
Simpli ed Linear Alignment Model (SLAM) [12], it isassumed
that the accent is realized by a up-down movement, where the
location of the peak depends on the number of syllables in the
foot. For monosyllabic feet, the peak location will be about
halfway into the syllable, whereas for multisyllabic feet the
peak location will be later, more towards the end of the rst
syllable. However, this study may reveal that accents can be
realized in different ways.

In previous papers [6, 7] we tried to predict the pitch con-
tour shape in a syllable from prosodic control factors with a
small set of linguistic features that describe the position of a
syllable in the foot. This simple scheme proved to be a bet-
ter predictor of pitch contour shape than other schemes that did
not incorporate the foot structure. However, two of the corpora
under analysis were constructed speci cally for containing syl-
lables in different positions in the foot, and the other corpus
contained fairly neutral news-style recordings and therefore, the
variation observed in pitch contours shapes was rather limited.

In this paper, we are approaching the problem from the
other direction. We want to categorize pitch contoursto nd out
what the prototypical pitch contours are that occur in speech.
We are interested in analyzing expressive speech, because we
expect it to exhibit more variation, which will allow usto come
up with amore compl ete intonation model than when analyzing
neutral news-reading style recordings. The analysis will have
to show whether the assumptions currently made in the imple-
mentation of the generalized superpositional model are correct.
We intend to compare pitch contours on the foot level by clus-



Figurel: Screenshotf a sentencen Wavesurferwith threetranscriptionpanedor the sgment,syllableandfoot transcriptionlayer,

andapitch panewith the original andthe editedpitch contour

teringtheminto similarlooking contours It is ourhopethatwe
will comeup with asmallgroupof clustersthatcontainsimilar
looking pitch contoursthatwill answersomeof the questions
for us. The developmentof a new intonationmodelbasedon
thesendings is beyondthe scopeof this paper

The paperis outlined asfollows: Section2 describeghe
recordingswe made. Section3 detailsthe pre-processingtep
thatinvolveslabelingthe recordingson the phonemesyllable
andfoot level. In Sectiond we describehedistancemetricused
to computedistancebetweertifferentpairsof foot-baseditch
contours.Becausef differencesn sggmentalcontenthumber
of syllablesin thefoot andpositionin the phrasethepitch con-
toursfor eachfoot may have differentlengths. We proposea
non-linearinterpolationmethodto make comparisorbetween
pitch contoursof varyinglengthpossible.Furthermoreye ex-
plain the hierarchicalclusteringmethodusedto clustersimi-
lar contours.Section5 presentghe resultingclustersandtheir
characteristicsThe conclusionsandfuture work arepresented
in Section6.

2. Material

Therecordingausedin this studycontaintwo childrens'stories
by Beatrix Potter They werereadaloudin a studioby a semi-
professionafemalespealer with experiencen readingstories
to youngchildren. The speakr wasgiventhe storytext before
therecordinggto familiarizeherselfwith the content. This was
donein orderto make the recordingsas naturaland uent as
possible Thestorieswerereadtwo pagesatatime,to avoid au-
dible rustling of the pages jut we madesurethis did not have
an effect onthe o w of the story Whena dis uency occurred
we re-recordedhe two-pageportion of that story until it was

uent. Wedid notinstructthe speakr on how to readthesesto-

riesbut gave herfreerein. Theresultis extremelylively speech
with pitchexcursionswhich areattimesvery extreme.Figurel
shavs anexamplerecordingwherethe pitch peakseasilyreach
500Hz.

The corpuscontainsapproximatelyl0 minutesof speech,
not countingpausedurations. The total numberof syllablesis
2929. The averagenumberof syllablesper sentencewvas 22,
with a minimum of 6 and maximumof 64 syllablesper sen-

tence. The corpuswasdivided into 128 sentencesvhich were
storedin separateles.

3. Pre-processing
3.1. Annotation

Phonemesggmentationwas performedusing CSLU's phonetic
alignmentsystem[5]. The phonetictranscriptiorwasobtained
usingFestival. Thenthephonemesverechecledandthealign-
mentwas hand-correctedising Wavesurfer[13]. Next, a syl-
lable transcriptionwas createdby handand alignedwith the
phonemdabels.This transcriptionayerwasusefulfor thecre-
ationof the next layer, thefoot transcriptionlayer. As statedin
previous paperg6, 7], theleft-headedoot is de ned asanac-
centedsyllablefollowed by oneor moreunaccentedyllables.
It endseitherat a phraseboundaryor at the start of the next
foot. Thus, with accurateinformation aboutthe locationsof
accentandphraseboundariesthe foot structureof a sentence
canbeautomaticallydeductedTheproblemwith thechildrens'
storiesdomainis thatthelocationof accentsandphrasebound-
ariesis lesspredictable. Inspectionof several similar corpora
hasshavn thatthis readingstyle is not particularlyfocusedon
corveying information, but insteadit focusesmoreon creating
excitementand holding attention. This may be dueto the fact
thatthe storiesoften have a high degreeof redundang or pre-
dictability, or arewell-known to children. For this reasonwe
hadto markthefoot structureby hand.As arule, foot labeling
was basedon the presencef audibleemphasison a syllable.
The foot labelswere checled by two colleaguesafterward to
ensureconsisteng. The foot labelsincludeinformationabout
the numberof syllablesthat make up the foot andthe position
in the sentenc€0 for medialfeet, 1 for minor phrasenal feet,
and2 for majorphrasenal feet). Phrase-initialinstressegyl-
lablesare called appendicesand they receve a differentlabel
marked“A”.

3.2. Pitch extraction

Pitch information was extractedevery 5 ms, using the ESPS
get fO utility [14], whichis now partof Wavesurfer In orderto
comparepitch contourswith one another a smoothpitch con-



