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The relationship between prosodic structure anand/or small data sets of recorded speech. Machine
syntactic structure is an unresolved area of inquiryearning of prosody based on syntactic features is
partly due to the shortage of prosodically transcribedlso limited by the availability of complete and reli-
speech corpora, and partly due to the complexity ireble syntactic parsing, a concern that is reflected in
volved in the analysis of both syntax and prosodyTaylor & Black (1998) who state that “[a]lthough we
Chomsky & Halle (1968, p. 372) state that “al-argued ...against using syntactic parsers for phrase
though there is a substantial literature on intonabreak assignment, our reason stems from the basic
tional and prosodic features in English, it is largelyinaccuracy of these parsers, not because syntactic
restricted to citation of examples, and we canngtarsers themselves are unhelpful.” One approach to
draw on it for any significant insight into processe®vercoming the data limitation problem that char-
of a general nature.” More recently, Ladd (1996acterizes this prior work is to search for prosody-
p. 334) adds that “in the standard theory, the corresyntax relations that can be established on the ba-
spondence between syntactic constituent types asid of less-than-complete syntactic structures. The
prosodic ones is highly variable, since the makemethod pursued in the research described here uses
up of the prosodic constituents is influenced by a shallow parse structure to obtain syntactic infor-
variety of essentially linear factors.” Despite themation that goes beyond part of speech features, and
status quo different views on the mapping from which is more accurate on continuous speech than
syntax to prosody have been proposed: (1) Syntdke output of a full syntactic parser. The shallow
alone determines most of prosodic structure (e.gparser produces output that is similar to ‘flattened
Cooper & Paccia-Cooper 1980); (2) Speakers usyntactic structure’ (Chomsky & Halle 1968).
prosody to signal syntactic information only when This paper presents results from machine learning
ambiguity is involved (e.g., Snedeker & Truswellexperiments on predicting prosodic features related
2003); (3) Many linguistic and para-linguistic fac-to pitch accents and boundary tones based primarly
tors along with syntax determine prosodic strucen shallow syntactic structure and grammatical rela-
ture (e.g, Bachenko & Fitzpatrick 1990). Besidesions, together with part of speech, basic syllable in-
these linguistic and psycholinguistic studies, maformation, constituent length, and position of word
chine learning approaches have been employed yithin a syntactic phrase and a sentehdeéhe work-
improve the performance of TTS or ASR by incor-ing hypothesis is that even though there is no one-
porating prosodic features, either using hand-buitb-one correspondence between syntax and prosody,
rules or using stochastic classification algorithmghe two grammatical components are highly corre-
(c.f., Taylor & Black 1998). lated, such that syntactic information is a good pre-
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dictor of prosodic structure. in this experiment.

A subset of Boston University Radio Speech Cor- The paper concludes with the discussion of possi-
pus (BRSC) is used for the experiment (Ostendorf éile ways to improve prosody prediction in the cur-
al., 1995). The BRSC is a speech corpus producednt system. The prediction of the type of pitch
by professional FM Radio News announcers. Thaccent or boundary tone will be more accurate if
corpus is prosodically labeled using ToBI (Tonescoustic information is utilized. For example, my
and Break Indices). The total number of words usedork on the FO correlates of pitch accent shows sig-
for the experiments reported here is about 10,00@ficant differences in FO contour between H* and
and the number of sentences is about 600. Note th&t* if contextual FO information is considered in
that since all of the speakers in this study producdihear regression anlaysis. Further improvement is
the same scripts, the number of word types is quitexpected if semantic information is introduced to re-
limited (about 900 word types). duce the confusion among types of pitch accents and

Two machine learning algorithms are used foboundary tones.
the experiment: (1) CART using Wagon (Taylor et
al., 1999) and (2) Memory Based Learning usingﬁ
TiIMBL (Daelemans et al., 2003). Contextual in- eferences
formation is encoded for the previous and follow-Joan Bachenko and Eileen Fitzpatrick. 1990. A compu-
ing n words, withn = 1 or 2. The dataset is di- j[atiqnal grammar of disc_ourse-_neu'gra_l prosodic phras-
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due to the limited number of distinct word types,Noam Chomsky and Morris Halle. 1968The Sound
in order to render the results more robust to a new Pattern of English Harper & Row, New York, NY.
test data. The accuracy for the predictions for typgyiliam E. Cooper and Jeanne Paccia-Cooper. 1980.
of pitch accent (H*, IH*, L*, No Pitch Accent) and  Syntax and SpeechHarvard University Press, Cam-
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below. In general, Memory based Learning results and Antal van den Bosch 2003. TiMBL: Tilburg
in a little bit higher accuracy than CART based Memory B_ased Learner, version 5Reference Guide.
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diction. The baseline measure for pitch accent calcyy. Robert Ladd. 1996 Intonational Phonology Cam-
lated from the test data is 48.04 % (490/1020). Con- bridge University Press, Cambridge, UK.

fusion matrlces for both Wagon.and TIMBL ShOVVMari Ostendorf, Pattie P. Price, and Stefanie Shattuck-
that while the accuracy for predicting the presence pymagel. 1995. The Boston University Radio News
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