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Abstract

The intonational phrase is hypothesized to represent
a meaningful unit of analysis in spoken language in-
terpretation. We present results on the identification
of intonational phrase boundaries from acoustic fea-
tures using classification and regression trees (CART).
Our training and test data are taken from the Boston
Directions Corpus (task-oriented monologue) and the
HUB-IV Broadcast News database (monologue and
multi-party). Our goal is two-fold: (1) to provide
intonational phrase segmentation as a front end for
an ASR engine, and (2) to infer topic structure from
acoustic-prosodic features. These efforts are aimed
at improving the ease and flexibility of retrieving
and browsing speech documents from a large audio
database.

Introduction

The segmentation of speech into meaningful units of
analysis is an important step in the interpretation of
the intonational features speakers use, as well as of
other linguistic features derived from text analysis. It
has been hypothesized that the segmentation of speech
is useful to spoken language interpretation tasks, such
as automatic speech recognition and discourse analysis,
because there exist fundamental correspondences be-
tween the acoustic-prosodic and other linguistic struc-
tures of spoken language.

Most theoretical models of intonation assume one or
more levels of intonation phrasing, under which tonal
feature variation is interpreted. Intuitively, the intona-
tional phrasing of an utterance divides it into meaning-
ful ’chunks’ of information (Bolinger 1989). For exam-
ple, variation in a sentence’s intonational phrasing can
change the meaning that hearers are likely to assign to
an individual utterance of the sentence. The sentence
in (1), for example, can be produced in two ways 
convey distinct interpretations. Below, the presence of
a comma denotes a phrase boundary:

(1) Bill doesn’t drink because he’s unhappy

a. Bill doesn’t drink because he’s unhappy. (He
drinks because he’s an alcoholic).

b. Bill doesn’t drink, because he’s unhappy. (He
believes that alcohol will amplify his depression).

If a speaker utters the sentence as a single phrase (la),
hearers are likely to infer that Bill does indeed drink
-- but not from unhappiness. If the speaker instead
utters the sentence as two phrases (lb), hearers are
likely to understand that Bill does not drink and that
the reason for his abstaining is his unhappiness.

At a lower level of linguistic structure, that of mor-
phological analysis, it is generally assumed that into-
nation phrasing does not occur in the middle of a single
morphological unit. This property makes the intona-
tional phrase a suitable unit for ASR analysis, since it
is likely that a single word will not cross over an intona-
tional phrase boundary. At a higher level of linguistic
structure, namely that of discourse structure analy-
sis, it has been demonstrated that acoustic-prosodic
properties of intonational phrases are correlated with
their discourse structural position (Ayers 1992; Swerts,
Gelyukens, & Terken 1992; Hirschberg & Grosz 1992;
Hirschberg & Nakatani 1996).

For this study, we adopt Pierrehumbert’s theory
of intonational description for English (Pierrehumbert
1980), which defined a regular language (i.e. finite-
state grammar) for describing the prosody of American
English using a hierarchy of tonal elements -- pitch ac-
cents, phrase accents and boundary tones. The regular
grammar for Pierrehumbert’s system is given below:

Inton. Phr. -+ (Interm. Phr.) + Boundary Tone (1)

Interm. Phr. --+ (Pitch Accent)+ Phrase Accent (2)

The highest level unit in the grammar, the major or
INTONATIONAL phrase, is comprised of one or more
minor or INTERMEDIATE phrases, plus a BOUNDARY
TONE, as defined in Rule 1. Each intermediate phrase
is made up of a sequence of one or more PITCH AC-
CENTS (local f0 minima or maxima) plus a PHRASE
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ACCENT (a simple high or low tone which controls the
pitch from the last pitch accent to the beginning of the
next intermediate phrase or the end of the boundary
tone), as defined in Rule 2.

While phrase boundaries are perceptual categories,
they are thought to be associated with certain physi-
cal characteristics of the speech signal, such as pauses
(which may be filled or not), changes in amplitude, and
lengthening of the final syllable in the phrase (some-
times accompanied by glottalization of that syllable
and perhaps preceding syllables). However, while these
features are anecdotally believed to be associated with
hearers’ perception of intonational phrase boundaries,
and while perception studies since (Fry 1955) have sup-
ported such beliefs to some extent, it has proven fairly
difficult to accurately identify phrase boundaries by
automatic means. Which perceptual categories are re-
liable cues for automatic identification, and how cues
vary from speaker to speaker and genre to genre, are
questions which remain to be answered empirically.
Too, some features that humans may use in phrasing
identification -- such as semantic focus location, which
often signals the end of an intonational phrase -- are
simply not yet available to machines.

In this paper, we present results on the identifica-
tion of intonational phrase boundaries from a small
set of acoustic features, using a machine learning tech-
niques that builds decision-trees (CART). Our train-
ing and testing corpora are the Boston Directions Cor-
pus of task-oriented monologue speech and the HUB-
IV Broadcast News database of monologue and multi-
party news speech. Our goals are to provide into-
national phrase segmentation as a front end for an
ASR engine and to infer topic structure from acoustic-
prosodic features. These efforts are aimed at improv-
ing the ease and flexibility of retrieving and browsing
speech documents from a large audio database.

Previous Research
Previous research on predicting prosodic phrase
boundaries has largely focussed on boundary predic-
tion from text, for the purpose of improving text-to-
speech synthesis (Altenberg 1987; Bachenko &z Fitz-
patrick 1990). This work has identified structural and
lexical cues to phrasing and has investigated the ex-
tent to which prosodic cues might aid in boundary
prediction, based on analyses of speech corpora. Wang
and Hirschberg (Wang & Hirschberg 1992) tested some
prosodic variables as prosodic boundary detectors in
their use of CART techniques to train a phrasing pre-
dictor on the DARPA ATIS corpus, which was prosod-
ically labeled by hand. They presented results for pre-
diction from some temporal and acoustic features, in-

cluding distance of potential boundary site from begin-
ning of phrase, speaking rate~ intonational prominence
of words surrounding the potential boundary site; all
these features did in fact appear to be important pre-
dictors of boundary location for their data. They also
looked at speaker identity as a predictor but found no
significant improvement in performance with this fea-
ture.

Ostendorf et al. (Ostendorf et al. 1990) trained 
Hidden Markov Model to compute break indices from
the observed relative durations of phonetic segments.
Their purpose was to incorporate prosodic boundaries
into a syntactic parser to reduce syntactic ambiguity
in speech recognition. They trained the HMM on hand
labeled speech from two radio announcers, annotated
with prosodic ’break indices’, denoting boundary levels
from 0 (no boundary) to 6 (utterance final). Testing
on a third speaker, they found the correlation between
predicted and observed boundaries was between .80
and .83 (variation due to differences in hand-labeling).

Machine Learning Experiments
Training and Testing Corpora

The current segmentation procedures were trained and
tested on a corpus of read and spontaneous speech,
the Boston Directions Corpus.1 The subcorpus used
for the segmentation experiments comprises elicited
monologues produced by four non-professional speak-
ers, three male and one female, who were given writ-
ten instructions to perform a series of nine increas-
ingly complex direction-giving tasks. Speakers first ex-
plained simple routes such as getting from one station
to another on the subway, and progressed gradually to
the most complex task of planning a round-trip journey
from Harvard Square to several Boston tourist sights.
Thus, the tasks were designed to require increasing lev-
els of planning complexity. The spontaneous, elicited
speech was subsequently orthographically transcribed,
with false starts and other speech errors repaired or
omitted; subjects returned several weeks after their
first recording to read aloud from transcriptions and
these read productions were recorded and analyzed as
well. For earlier studies, a prosodic transcription of the
speech had also been made by hand, using the ToBI
standard for prosodic transcription (Pitrelli, Beckman,
& Hirschberg 1994) based on Pierrehumbert’s intona-
tion system (Pierrehumbert 1980). This transcription
provides us with a breakdown of the speech sample
into intonational phrases. There were a total of 3306
intonational phrases, 1292 in the read speech and 2014
in the spontaneous.

1This corpus was designed and collected by the authors
in collaboration with Barbara Grosz at Harvard University.



A second, blind test corpus was a portion of the
ARPA/NIST HUB-IV or Broadcast News database
that is being used for the TREC information retrieval
from speech task. This corpus consists of recorded
news programs, containing multi-speaker professional
and non-professional read and spontaneous speech.
Speech from this corpus was hand-labeled for testing.

Classification and Regression Trees

Classification and regression trees (CART) techniques
(Breiman et al. 1984) permit the automatic genera-
tion of decision trees from sets of continuous or dis-
crete variables. At each node in the generated tree,
CART selects the statistically most significant variable
to minimize prediction error at that point. In the im-
plementation of CART used in this study (Riley 1989),
all of these decisions are binary, based upon considera-
tion of each possible binary split of values of categorical
variables and consideration of different cut-points for
values of continuous variables.

Generation of CART decision trees depends on a
set of splitting rules, stopping rules, and prediction
rules. These rules affect the internal nodes, subtree
height, and terminal nodes, respectively. At each in-
ternal node, the program must determine which factor
should govern the forking of two paths from that node.
Furthermore, the program must decide which values of
the factor to associate with each path. Ideally, the
splitting rules ought to choose the factor and value
split which minimize the prediction error rate. The
splitting rules described in (Riley 1989) use a heuris-
tic which approximates optimality by choosing at each
node the split which minimizes the prediction error
rate on the training set of data.

Stopping rules are necessary for terminating the
splitting process at each internal node, and thus deter-
mine the height of each subtree. This implementation
uses two sets of stopping rules. Roughly, the first set
is extremely conservative, resulting in an overly large
tree which is often overtrained. A second set of rules
can thus be applied to a sequence of smaller subtrees.
Each subtree is iteratively grown by training on a siz-
able fraction of the training data and testing on the
remaining portion, until all the data has been tested
on. By this procedure, the stopping rules have access
to cross-validated error rates for each subtree. The
subtree with the lowest rates then defines the stopping
points for each path in the full tree. CART results
presented below all represent cross-validated data.

The prediction rules work in a straightforward man-
ner to add the necessary labels to the terminal nodes.
In the case of a continuous variable, the rules calculate
the mean of the data points that have been classified

together at that node. In the case of a categorical vari-
able, the rules simply choose the class that occurs most
frequently among the data points. The success of these
rules can be measured through estimates of deviation.
In this implementation, the deviation for continuous
variables is the sum of the squared error for the ob-
servations. The deviation for categorical variables is
simply the number of misclassified observations.

Classification and Predictors

For this study, several acoustic-prosodic measurements
were used as predictive features for identifying whether
a short 10 msec frame of the speech signal occurred
within an intonational phrase (INPHRASE) or in the
break between two intonational phrases (INBREAK).
The length of the frame was chosen based on the
method used for calculating measurements, namely au-
tomatic pitch-tracking. All recordings in the develop-
ment and test corpora were down-sampled to 16K, then
filtered at 70 Hz with DC offsets removed, and pitch-
tracked using a 10 msec frame using the Entropic pitch-
tracker, getfO. These non-overlapping frames provided
the unit for the dependent variable in our segmenta-
tion experiments, i.e. the binary classification of each
frame as INPHRASE or INBREAK.

Independent variables were selected from the range
of possible outputs of the pitch tracker, getfO, which
provides four types of information per frame: an esti-
mate of the fundamental frequency (f0), a binary flag
denoting the program’s estimation of the probability of
voicing (pvoice), root mean squared energy (rms),2 
ac-peak, the peak normalized cross-correlation value
found by the program to determine the f0 estimate?
We also conducted experiments with output from an
earlier Entropic pitch-tracker, formant, which provides
continuous, though less accurate, estimations of the
probability of voicing. These variables were available
to the machine learning algorithms in absolute and nor-
malized forms (normalized by mean, maximum, and
minimum values for the speech under analysis), and
also in ratios of the value of the prior frame to that
of the current frame. We tested measurements taken
over a variety of different-sized frame windows, from 1
to 27 frames in length, to make contextual information
available to the algorithms. Experiments were run by
partitioning our training corpus by individual speaker
and by speaking style (i.e. read versus spontaneous
productions), to identify models that best predicted
new data. We then tested our speaker/style models

2The rms value for each frame is computed based on a
30 msec hanning window with its left edge 5 msec before
the beginning of the frame.

31n unvoiced regions, this is the largest cross-correlation
value found at any lag.
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on two tasks: (1) recall of discourse segment bound-
aries on the Boston Directions Corpus and (2) phrase
prediction on the HUB-IV data.

Model Development

Models that classify frames with 87-93% accuracy were
developed from the training corpus in several stages.

First, we identified the best performing acoustic fea-
ture sets predicting the current frame based only on
itself and at most a single frame of context. This con-
textual information included the absolute acoustic in-
formation (e.g. f0, rms) for these contextual frames,
or the relative difference between such acoustic values
for the previous the current frame. Next, models for
this best feature set of SINGLE-FRAME-BASED features
were trained on each speaker and each speaking style in
our corpus, and tested on all other partitions of speaker
and style. This cross-speaker, cross-style testing proce-
dure revealed speaker/style models that best modeled
the other speaker/style data in our training corpus.4

In the next stage of model development, the training
data partition for the speaker/style model that best
predicted the other speaker/style data was used to
select a distinct feature set of contextual, or MULTI-

FRAME-BASED, features. Contextual features were
computed over windows varying from 2 to 27 frames
in length. In addition, these windows were aligned
with the current frame being classified in three differ-
ent ways. Specifically, we examined windows that were
centered on, or aligned with the left or right edge of
the frame to be classified. The best-performing window
size for each feature in each alignment was selected at
this stage. The models developed at this stage of test-
ing in general were computationally considerably more
expensive than the single-frame-based feature models.

In the third stage of model development, the best
combination of single-frame-based and multi-frame
window-based features was identified. This was de-
termined by comparing predictions of models created
by all possible combinations of single-frame-based and
multi-frame-based features that were identified as good
predictors in the first two stages.

Finally, this combined model of frame-based and
multi-frame-window-based features was tested in two
experiments. The first was aimed at the goal of in-
ferring topic structure from acoustic-prosodic features.
The second was aimed at assessing the potential value
of using predicted phrase boundaries for audio brows-

4 Prediction models trained on combinations of various

speaker/style partitions did not prove superior to models
trained on a single speaker/style data partition. Therefore,
we report results for models trained on single speaker/style
data partitions.

ing applications, to help the user navigate through the
audio as well as to enable the playback of prosodically
well-formed speech units. We note that one of the mod-
els we trained is currently being used to segment a large
speech corpus of broadcast news programs into man-
ageable segments as a front end for an ASR engine
under development at AT&T Labs - Research. While
the evaluation of this usage of our tool, e.g. its pos-
sible effect on recognition accuracy rates, remains to
be done, this phrase segmenter improves the computa-
tional efficiency over methods using fixed overlapping
intervals of speech.

Selecting single-frame-based features

Sets of single-frame-based features were studied sys-
tematically by performing cross-validated training on
each of eight partitions of the BDC corpus (4 x indi-
vidual speaker and 2 x speaking style), using CART.
The best-performing feature set for this stage of de-
velopment included: normalized mean f0, f0 ratio,
pvoice for previous frame, pvoice, pvoice for subse-
quent frame, normalized mean rms, rms ratio and ac-
peak. Using this single-frame-based model, exhaus-
tive cross-speaker, cross-style testing was carried out
among the partitions by training on all data from one
partition and testing on a subportion of each of the
remaining partitions. This testing procedure revealed
speaker/style models that best modeled each other, as
supported by the classification rates shown in Table 1.
The rates express the percentage of individual frames
that were correctly classified as belonging in a phrase,
or in a break between phrases.

If we consider the CART-developed models which
best predicted each test set, we observe that for speak-
ers h2 and h3, the read speaking style is best modeled
by the corresponding spontaneous partition, and the
spontaneous style is best modeled by the correspond-
ing read partition. This suggests that the differences in
phrasing in read versus spontaneous styles for speak-
ers hl and h4 were greater than for speakers h2 and
h3. It is also the case that neither hlr nor h4s occurs
amongst the two best-performing speaker/style mod-
els on each test set. Rather, h4r occurs most often (5
sets) while both h2r and h3s also occur regularly (3
sets); h2s and h3s occur for 2 sets and hls occurs for 
set. This provides a rough idea of which models may
be most adaptable to new speakers and genres. These
results confirmed our impressionistic observations that
hl’s read speech and h4’s spontaneous speech were ex-
treme exemplars of their genre of speaking style. How-
ever, no generalizations across individual speakers or
speaking style can be made. While hl and h2 par-
titions best modeled each other, and h3 and h4 par-
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Test Set Classification Rate

hl hl h2 h2 h3 h3 h4 h4
r9 s9 r9 s9 r9 s9 r9 s9

hlr -- .83 .85 .83 .79 .73 .75 .64

hls ¯91. -- .88 ¯86 ¯87 ¯84 .84 .73

h2r .91@ .86@ -- .87* .87 .83 .83 .72

h2s .90 .86* .90* -- .88 .84 .85 .74

h3r .90 .85 .89 .86 -- ¯85* .85* .75
h3s .89 .85 .89 .86 .88* -- .85© .76*

h4r .89 .85 .89@ .86@ .88@ .850 -- .760
h4s .79 .83 .84 .82 .84 .83 .82 --

* best-performing training partition
@ 2rid best-performing training partition

Table 1: CART-trainedmodelresults on cross-speaker,
cross-style testing

titions also best modeled each other, these individual
speaker effects interacted with individual differences in
speaking style.5

A second analysis of the cross-speaker, cross-style re-
sults was made, based on precision and recall measures
for each of the binary classifications. These results are
shown in Table 2. Table 2 results led to the selection

Train INPHR INPHR INBRK INBRK Err

set* recall prec recall prec rate

hlr .979 .776 .270 .856

hls .913 .880 .692 .746

h2r .937 .862 .627 .790

h2s .941 .853 .576 .775

h3r .909 .892 .716 .738

h3s .897 .907 .755 .721

h4r .909 .895 .734 .748

h4s .826 .934 .836 .627

¯ 224

154

157
162

149

145
145

174

* h?=speaker ID, r=Read and s=Spontaneous

Table 2: Average recall/precision/total-error-rate from
CART testing on speaker/style partitions

SAil experiments were also performed using a nile-based
learner, Ripper (Reduced Incremental Pruning to Produce
Error Reduction) (Cohen 1995). Performance was largely
similar, except for noticeable, irregular differences on the
outlier hlr9 test set.

of the partition on which to develop the multi-frame-
based feature models, namely h2r. Due to the nature
of our target application, audio browsing, we opted to
maximize precision of the INBREAK class, since for
both ASR and control of speech playback, it would
be preferrable to err on the side of providing longer
phrases instead of risking the placement of infelicitous
phrase breaks in, say, mid-word. Error analysis in-
deed revealed that the majority of false positives oc-
curred in very short sequences of frames classified as
INBREAK. However, with too low recall, intonational
phrases would be very long, which might also compro-
mise the usefulness of intonational segmentation for
these same applications. Thus, the partition with the
highest INBREAK precision (.86), hlr, was ruled out
due to its extremely low recall of INBREAKs (.27).
h2r, however, demonstrated average recall (.63), with
precision (.79) second only to hlr.

Adding multi-flame-based features

The h2r model was employed in the testing of three
types of contextual features for each acoustic variable
(e.g. f0, rms). Contexts were defined as windows, 
to 27 frames in length, that were (1) centered on (2)
aligned with the left edge (left context features), or (3)
aligned with the right edge (right context features) 
the frame being classified. Multi-frame-based features
were computed for all contexts for three of the best-
performing acoustic measures discovered in prior test-
ing: normalized mean f0, normalized mean rms, and

probability of voicing (pvoice). The strategy we used
was to train on a single acoustic feature in a single win-
dow position at a time, incrementing the window size
until maximum performance was realized on test data
from other speakers. This determined the best window

size for each feature in each of the three alignment po-
sitions.

These multi-frame-based features, computed over
their optimal window sizes, were then combined in
all possible ways with the best-predicting single-frame-
based features, to establish the final, best-performing
model combining contextual and non-contextual fea-
tures. The predictors occurring in the final COMBINED

MODEL included two multi-frame-based features and
one single-frame-based feature: 15 frame centered win-
dow of normalized mean rms, 19 frame left context
window of normalized mean f0, and ac-peak for the

current frame alone. Performance figures on new data
for the combined model built using CART are listed in
Table 3. So, adding multi-frame-based features repre-
senting acoustic information about the current frame’s
context improved classification accuracy by 2-5% per
test partition over the single-frame-based models. This
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Test Set Classification Rate (CART)

hlr9 hls9 h3r9 h3s9 h4r9 h4s9
h2r .932 .896 .900 .883 .886 .795

Table 3: Combined model (frame-based and window-
based features) test performance.

new model is also more concise than the earlier best-
predicting models, making use of only three acoustic
predictors. While energy is represented by a window-
based feature centered on the frame and f0 is repre-
sented by a left-context window-based feature in the
combined model, no window-based feature calculated
for the right context was found to be useful in a com-
bined model.

Testing
The feature set used in the combined model of single-
frame-based and contextual features described in the
previous section was applied in two experiments. The
first experiment was aimed at inferring discourse seg-
ment structure from acoustic-prosodic features. The
second was aimed at assessing the potential value of
using predicted phrase boundaries for audio browsing
applications, to help the user navigate through the au-
dio as well as to enable the playback of prosodically
well-formed speech units.

Inferring discourse structure

Although intonational phrase labels were used to de-
rive training examples for the above systems, the sys-
tems classified each 10 msec frame of speech as be-
longing to a phrase or to a break between phrases, and
did not directly identify phrase boundaries as such.
We needed first to determine if, from such sequences
of frame classifications, it would be possible to derive
higher-level segmentations, such as intonational phrase
boundaries and discourse segment boundaries. Eval-
uation on separate training and testing partitions of
the Boston Directions Corpus provides preliminary an-
swers to this question.

The feature set from the combined frame classifica-
tion model was trained on h2r and tested on hls to pro-
duce the frame-based classifications as described above
in previous sections. To infer segmental structure be-
yond the frame level, we utilized a basic smoothing
procedure which simply filtered out sequences of frame
breaks by two means: setting a minimum sequence
length, say 3 frames, or preserving a set ratio, say 20%,
of all identified frame break sequences with longer se-
quences preferred. Then, higher-level segments were

inferred by taking all filtered sequences of frame breaks
to represent segment boundary markers.

First, we evaluated this procedure on reliable (con-
sensus) discourse segment boundary labels obtained
by three labelers in an earlier study.6 Table 4 illus-
trates performance and recall figures for discourse seg-
ment boundaries, at varying filter ratios. The ratios
were selected based on analysis of a separate set of dis-
course segment data (from naive labelers on h3s using
the methods in (Nakatani et al. 1995)), in which 24%
of intonational phrases were marked as consensus dis-
course segment beginnings. The hls test set contained
85 true boundaries. As can be seen, there are signifi-

class
filter ified true
ratio INBRK hits recall precision

.08 85 35 .412 .412

.16 171 50 .588 .292

.24 253 55 .647 .217

.32 340 59 .694 .174

Table 4: Evaluation of combined model on discourse
segment boundary identification on the Boston Direc-
tions Corpus.

cant trade-offs between recall and precision. It appears
that it will be important to optimize these trade-offs
depending on the target application or on the perfor-
mance of complementary classification systems, such
as text-based models, that have different coverage of
the data (cf. (Passoneau & Litman 1996)).

Using the same filter ratios, we evaluated the model’s
ability to identify intonational phrase boundaries in the
hls test set, of which there were 366 labeled bound-
aries. Results are given in Table 5. The results are
almost the inverse of the discourse segment boundary
figures, suggesting that trade-offs need to be consid-
ered together. For example, a low filter ratio (.08) will
provide acceptable segmentation for our purposes and
will find a reasonable minority of discourse segment
boundaries, but a higher ratio, say .16, will find nearly
twice as many discourse segment boundaries with only
a 3% decrease in precision for intonational phrases.

There is certainly room for improvement in the per-
formance of our frame classifier and of our smooth-
ing procedure, and we intend to experiment with data

6Segmenters were experts who listened to the speech
while segmenting. The averaged kappa score for inter-
labeler agreement was .80 for the data used. Further details
on the methods used for discourse segment data collection
are provided in (Hirschberg & Nakatani 1996).
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class
filter ified true
ratio INBRK hits recall precision

.08 85 67 .183 .788

.16 171 130 .355 .760

.24 253 176 .481 .696

.32 340 203 .555 .897

Table 5: Evaluation of combined model on intonational
phrase boundary identification on the Boston Direc-
tions Corpus.

partitioning techniques to increase the size of a reli-
able training corpus. However, in our testing described
above, we used a rather conservative measure to deter-
mine when a frame sequence matched a phrase bound-
ary: if the midpoint of the true phrase break (com-
puted from the ToBI labels) fell within a frame break
sequence, the two boundaries were said to match. If
we employ a looser criterion, allowing the existence of
any overlapping frames to constitute a match, preci-
sion and recall figures improve by up to 6%. For audio
browsing applications, such a metric may be quite ac-
ceptable.

Identifying phrases on the HUB-IV corpus

We have begun similar evaluation of intonational
phrase identification on the HUB-IV corpus. Using the
features from the combined model, we trained mod-
els for each speaker/style data partition in the Boston
Directions Corpus. These models were tested on an
initial test corpus consisting of 230 sec of a National
Public Radio broadcast. This test news corpus con-
tains professionally read speech from two speakers (one
male, one female) made up of 88 intonational phrases
(identified by hand-labeling). In this experiment, 
independent estimate could be made of the expected
frequency of intonational phrases on the test set, so we
utilized a minimum break frame sequence length of 3
(i.e. 30 msec) to smooth the output of frame classifi-
cations. Performance figures are given in Table 6. The
results reported in Table 6 are computed using the re-
laxed scoring method that counts two boundaries as
matching if they share at least one overlapping frame.
Amongst our eight partitions, the read speaking style
models for h3 and h4 deliver strong recall results of .92
and .95 respectively, and reasonable precision (.74 and
.71). The highest precision of .79, however, is achieved
by the h2s model. Finally, as may have been expected
from model development results on the Boston Direc-
tions Corpus, models trained on hlr and h4s partitions

Train identified
set* phrases recall precision

hlr 43 .49 .48
hls 70 .80 .74
h2r 70 .80 .69
h2s 67 .76 .79
h3r 81 .92 .74
h3s 72 .82 .77
h4r 84 .95 .71
h4s 75 .85 .44

* h?=speaker ID, r=Read and s=Spontaneous

Table 6: Evaluation of the speaker/style combined
models on intonational phrase boundary identification
for broadcast news.

give substantially lower performance, as evidenced by
the precision scores of .48 and .44 for these models.

Discussion

These initial experiments suggest that the identifi-
cation of intonational phrasing by purely automatic
means is feasible. Given the limited amount of train-
ing data utilized, the performance especially on the
HUB-IV blind test set suggests it is a useful approach
as a front end for an ASR engine and for audio brows-
ing applications. To help us determine practical min-
imum threshholds of performance, we are experimen-
rating with the use of our phrase identification system
in several audio browsing interfaces. To improve per-
formance further, we need to explore several technical
issues in machine learning, such as (1) approaches 
meta-learning, to automatically partition our training
data in more sophisticated ways; and (2) the prob-
lem of learning unified representations of hierarchi-
cally structured concepts, such as our hypothesized hi-
erarchy of frames, intonational phrases and discourse
segments. Currently, our multi-layer classification ap-
proach presents us with many design choices that con-
cern the integration of various machine learning sys-
tems and techniques into a multi-pass "architecture"
of sorts for intonational phrase prediction. Formaliz-
ing and constraining such a design in a coherent ma-
chine learning framework for learning complex, hierar-
chically dependent structures incrementally is an im-
portant goal for our further research.
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