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ABSTRACT

Many aspects of prosody prediction in speech synthesis
could be improved, from placement of symbolic accent
and phrase boundary markers to control of continu-
ously varying parameters (e.g., duration, fundamental
frequency). The goal of this work is to develop algo-
rithms for predicting aspects of fundamental frequency
typically said to have gradient variation: pitch range
and prominence. In addition, the results of the au-
tomatic training methodology are used to investigate
di�erences in prominence patterns associated with dif-
ferent genres of speech.

1. INTRODUCTION

Intonational patterns are characterized by sequences of
pitch accents and boundary tones, which determine the
shape of the F0 contour. Di�erent syllables in an ut-
terance can have di�erent discrete levels of perceived
prominence because of absence vs. presence of a pitch
accent and/or word-level stress, but most theories also
acknowledge that there is also gradient variation of
prominence. Experiments on controlled stimuli show
that perceived prominence is highly correlated with F0
peak height [12], and most studies focus on this cue.

Analyses of spontaneous speech [13] show that per-
ceived relative prominence can vary for multiple ac-
cents within a prosodic phrase in ways that are not
consistent across phrases with the same number of ac-
cents. However, the notion of completely free gradient
variation of prominence is not very attractive from a
theoretical perspective [6] or from the practical needs
of speech synthesis prediction. One approach is to bet-
ter understanding relative prominence is to look for
constraints on the variation. An alternative, explored
here, is to investigate prediction algorithms and deter-
mine how much of the variation can be explained by
the local tone sequence vs. higher level factors. More
speci�cally, this work looks at methods for predicting

prominence (in the sense of F0 peak height for high
accents) using corpus-based learning techniques.

As there is evidence in the literature that discourse
structure a�ects pitch range (see [3] for a review), we
decided to separate range from intra-phrase prominence
by using a simple multiplicative model: Fa = FpKpr,
where Fa is the target peak for a high pitch accent in
a phrase with range Fp and prominence scaling coe�-
cient Kpr. Note that the pitch range is constant over
the intermediate prosodic phrase, and the prominence
factor accounts for range compression and/or lower-
ing. (Speaker-dependent overall range and baseline are
omitted here because of a focus on speaker-dependent
data.) Separating these two phenomena in designing
predictors also allows us to investigate whether it is
the case that di�erent factors are important for pre-
dicting the two coe�cients F0p and Kpr. For example,
it may be that information status (e.g. new vs. given)
is important for range but not for relative prominence
within a phrase.

Within a prosodic phrase, a frequently observed
phenomenon is that of progressive lowering of F0 peak
height for successive accents, often referred to as down-
step. Downstep cannot simply be accounted for by
pitch range compression over the course of the phrase,
since an accent can also be followed by another ac-
cent of the same or greater peak height. The sequence
of accent tone labels is important for explaining peak
variation, but there must be other factors since it does
not predict raised peaks in non-initial pitch accents,
which we and others have observed. This study aims
to �nd such other factors.

In addition to investigating the importance of dif-
ferent factors for predicting inter vs. intra-phrasal peak
variation, this work also considers the questions of which
mathematical model works best and how these mod-
els translate across genres of speech. In particular,
we assess di�erent assumptions about dependence be-
tween prediction variables. In addition, we investigate
whether di�erent linguistic features are important for
di�erent genres. In other words, can we maintain the



structure of a predictor across genres and simply re-
train the key coe�cients?

2. PREDICTION VARIABLES

We explored three main categories of prediction vari-
ables in this study, including tone labels and accent po-
sition in the phrase, syntactic structure, and features
related to discourse structure, as described next.

Tone labels and relative phrasal position of accents
are standard in rule-based systems of predicting peak
height. The tone inventory used here, for both current
accent and previous accent, is simply +/- downstep1

Other accent-related features included the number of
accents in the phrase and the number of downstepped
accents so far. Both the tone labels and prosodic phrase
structure are based on hand-marked labels.

The class of syntactic features include the part-of-
speech label and syntactic constituent of the target
word, both of which are annotated using automatic al-
gorithms. Part-of-speech labels have been used both
as a predictor of prominence and accent location. Syn-
tactic parse features were investigated because of their
usefulness in accent prediction and because of work sug-
gesting an interaction between given/new status and
subject/object position [4].

Discourse segmentation is well known to be corre-
lated with pitch range. Here, we used a very simple
representation based on sentence and paragraph struc-
ture, i.e. position (�rst, middle, last) of the interme-
diate prosodic phrase in a major prosodic phrase, in a
sentence, in a paragraph and in a story. Finally, we in-
cluded two features related to information status that
attempted to capture \newness", including whether a
content word was new to the paragraph and whether
a word was part of a \named entity" (person, orga-
nization, location, date, money { hand-marked). The
named entities are important because they typically
specify the \who, what, where, when" of a story.

3. APPROACH

3.1. F0 Peak and Prominence Measurements

F0 values, used for computing accent and phrase peaks,
were measured in Hz using the Entropic Waves pitch
tracker with an F0 sample rate of 100Hz. A median
�lter (window size = 3) was applied to the F0 con-
tour in order to remove spurious erroneous values and
to a lesser degree compensate for segmental perturba-
tions. Pitch doubling/halving errors were accounted

1Low accents are too infrequent in our data to be useful and

bitonal accents were not labeled with su�cient reliability, e.g.

labelers disagreed on L+H* vs. H*, so the labels were collapsed

into a single category.

for to some extent by ignoring regions with discontin-
uous jumps of high deviation within each syllable and
large regions that were explicitly hand marked as hav-
ing pitch errors. The regions with a high �nal rise were
also excluded from �nding phrase and accent peaks.

The pitch range (Fp) for a prosodic phrase was
taken as the maximum F0 value for the phrase. Since
it was di�cult to obtain a reliable estimate of the lo-
cal baseline, only the peak was used to characterize
range. Then, for each syllable accented with a high
tone, the highest F0 point was found (Fa). In some
cases the peak F0 was not necessarily located within
the syllable boundaries, therefore we expanded the in-
terval for �nding the peak into the adjacent syllables.
The ratioKpr = Fa=Fp gave the value of a prominence.
All peak measurements were automatic, so there was a
small amount of measurement error. In all cases, the
prosodic phrase position and pitch accent location is
based on hand-labeled prosodic markers, so that errors
due to automatic prediction would not be confounded
with the prominence and range prediction errors.

3.2. Prediction Methods

Classi�cation trees (or, decision trees) have been suc-
cessfully used for predicting abstract prosodic labels
[2, 11]. In this work, we use regression trees, which
are another form of a decision tree appropriate for pre-
dicting continuous variables. The trees were grown us-
ing the minimum error criterion and then pruned using
cross-validation. Advantages of decision trees in gen-
eral are that they are well suited for categorical features
and that they capture dependencies between di�erent
prediction variables. These dependencies become evi-
dent from analysis of how a given tree partitions the
training data.

A signi�cant drawback of decision trees is that at
every step they split the training data and make only
part of it available for further estimation. In contrast,
a multiplicative model, used in [14], allows for train-
ing the coe�cients for each factor on the entire corpus
by assuming that the di�erent factors are independent.
Since multiplicative scaling corresponds to a sum in
the log domain, the model can be implemented using
multiple linear regression (MLR) of the term logKpr.
Like decision trees, MLR training includes an auto-
matic procedure for eliminating variables that do not
improve performance.

We also investigated a compromise solution that
separates the prediction variables into subsets, designs
a regression tree based on each subset, and combines
the output of the trees using MLR. Three subsets were
used here. Features related to the type and location
of accents belonged to class1; features related to posi-



Table 1: Experimental results on the radio news cor-

pus: The baseline RMS error was 0.103; error reduction

is relative to this value.

RMS Error
Method error reduction Parameters

CART 0.069 31% 10
Multiplicative 0.073 29% 10

Mixed 0.073 29% 56

tion of the phrase in the discourse comprise class2; and
syntactic features together with named entity make up
class3.

4. EXPERIMENTS

4.1. Corpora

The main corpus was drawn from a collection of recorded
FM public radio news broadcasts [8]. A training set
that we used for these experiments contained approx-
imately 50 minutes of speech representing the thirty-
four radio news stories from a single female speaker.
Four stories recorded later in a laboratory by the same
speaker (12 minutes of speech) are used as indepen-
dent test data. In addition, we used a 5-minute corpus
of narrative stories by Robert MacNeil, which was all
used for training since we were primarily interested in
the structure of the predictor for assessing genre di�er-
ences. The corpora were hand-labelled with the ToBI
system of prosodic transcriptions [9], and automatically
annotated with part-of-speech labels [7] and syntactic
structure [1].

4.2. Prominence Prediction

In experiments on the radio corpus, the regression tree
outperforms both the multiplicative and the mixed mod-
els, though the di�erence is not signi�cant. Table 1
shows the percentage reduction in RMS error, com-
pared to that obtained by predicting the mean training
value for all prominences. Each of the models explains
as much as 55% of variation in the training data.

The most important features in the prediction pro-
cess for all of the methods that we applied were the
tone sequence features. The decision tree used local
(current and previous) tone labels, but not the number
of downsteps up to the current point, though the MLR
model did use that feature. The decision tree also used
features we expected to be associated with range, i.e.
the position of a phrase in a sentence and position of
a sentence in a paragraph, though the impact on per-
formance was small (31% vs. 30% RMS error reduc-
tion). Neither model was able to predict cases where

the highest peak is not the �rst accent, though there
were several instances of such in the training data. One
limitation of the result is that it relies on accurate pre-
diction of downstep, so we ran additional experiments
using only accent location information (no tone labels)
and found only a small loss in performance (29% vs.
31% error reduction).

Because of studies relating pitch range to perceived
prominence [12, 6, 10], we tried additional experiments
with this feature. If the true values for the phrase F0
range and the previous peak are available, then using
these features in prediction reduces the RMS error by
41%, but so far predicted range values are too errorful
to be of use.

4.3. Phrase Peak Prediction

Again using the radio data, models were trained for
predicting peak F0 value within each phrase. The deci-
sion tree used information about minor phrase position
in the major phrase and sentence, and sentence posi-
tion in the paragraph, consistently giving higher values
to the starting location at every level (major, sentence
or paragraph). For example, phrases that start a para-
graph have higher peaks than those that start a sen-
tence or a major (273 vs. 255 vs. 226 Hz, respectively).

Predicting peak F0 values using a decision tree re-
duced the RMS error by 10% compared to that ob-
tained by predicting the mean training value for all
phrases. The MLR model was insigni�cantly di�erent
from using the training mean. In contrast to promi-
nence prediction, the range prediction tree utilized in-
formation about the type of syntactic phrase and the
number of named entities within the phrase, although
these features were much less important than phrase
position.

4.4. Genre Di�erences

Applying the F0 peak prediction methods to data rep-
resenting a narrative speaking style exhibits similar re-
sults. Regression trees trained separately on the two
corpora to predict the prominence scaling factor with
the three most important (tone sequence) features have
identical topologies (see Figure 1). Comparing the pre-
dicted values across styles one can see that narrative
style prominences have lower values than correspond-
ing radio news ones, which corresponds to bigger F0
drops when downstep occurs (since no raised peaks are
predicted). While results need to be con�rmed on a
larger data set and more speaking styles, they o�er
hope that a style-independent model topology can be
designed with retraining only a small number of pa-
rameters needed for capturing genre di�erences.
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Figure 1: Prominence prediction tree: numbers at the

terminal nodes are normalized F0 peaks; regular font

indicates radio style and italics is for narrative.

5. CONCLUSIONS

In summary, this paper presents a model of gradient F0
peak height based on separate prediction of range and
intra-phrase prominence. Experiments on radio news
data show that, for relative di�erences in peak height
within a prosodic phrase, over 50% of the variance of
training data and 30% of RMS error in independent
data can be accounted for by local tone sequence la-
bels. Better results are obtained by incorporating pitch
range as a feature, but automatic range prediction was
not successful, probably because it requires more so-
phisticated discourse analysis than that used in this
work. The features used for range vs. prominence pre-
diction were, for the most part, di�erent. However, the
prominence models failed to predict cases where the
highest accent is late in the phrase, and it may be that
the appropriate cues to this event will also in
uence
pitch range. Both regression trees and multiplicative
models gave similar performance for prominence pre-
diction with a small number of parameters, but multi-
plicative models were not e�ective for range prediction.
Finally, regression trees trained on corpora re
ecting
di�erent genres show identical structures, suggesting

that the factors in
uencing relative prominence within
a phrase may be style-independent though the speci�c
size of factors like downstep will depend on the partic-
ular speaker and style.
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