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ABSTRACT

A system for automatic recognition of prosodic events in
speech utterances has been developed and applied to rec-
ognizing accent tones as defined by the tone and break
index (ToBI) prosodic labeling standard. Both the acous-
tic and syntactic modeling portions of the system are de-
scribed in the paper. The acoustic modeling portion of
the system involves representation of ToBI labeled events
using hidden Markov models (HMMs) that are defined
over a set of prosodic features. The syntactic model-
ing component involves the prediction of prosodic events
based on a stochastic finite state model defined over in-
put labels obtained from a part—of-speech (POS) tagger.
The system was evaluated in terms of its ability to recog-
nize pitch accents in a single speaker read speech corpus
when the orthographic transcription of the utterance was
assumed to be known. It was shown to improve average
labeling accuracy over a baseline text—only prosodic la-
beling system from 84.8% to 83.3%.

1 INTRODUCTION

Issues relating to robust and reliable descriptions of
prosodic events in speech utterances have resulted in sev-
eral prosodic labeling methods including the ToBI stan-
dard for English prosody [8]. The work described in this
paper is motivated by the desire to develop automatic
techniques for recognizing prosodic events for use in text—
to—speech (TTS) synthesis, natural language understand-
ing (NLU), and automatic speech recognition (ASR) sys-
tems. I"I'S systems could be more rapidly configured
for new speakers and new task domains if an automatic
prosody recognizer could replace or improve the efficiency
of human labelers. The performance and efficiency of
ASR and NLU systems could be improved if labeled
prosodic events are directly incorporated in acoustic, lan-
guage, or understanding models. A stochastic maximum
likelihood based approach to recognizing prosodic events
using both acoustic and syntactic modeling techniques
is presented. It will be demonstrated here that high ac-
curacy recognition of ToBI labeled accent tones can be
obtained using these automatic techniques.

Prosody recognition is treated here as a prol?lem of
finding the most likely string of accent events, T, given
a sequence of acoustic prosodic features, A, and word
sequence (including punctuation), V'

T = argm,;ixP(T|A,V) (1)

arg max P(A|IT,VYP(T, V). (2)

The first term in Equation 2 corresponds to the prob-
ability of the acoustic data stream given HMM models
which are assumed to be dependent on the accent event
sequence but independent of the word sequence. The

second term in Equation 2 corresponds to the joint prob-
ability of the accent event and word sequences. We learn
the parameters of this linguistic component of the model
from the multi—tiered ToBI labeled speech corpus.
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Figure 1: Block diagram of combined acous-
tic/syntactic prosodic label recognizer

Our combined acoustic/syntactic based system for rec-
ognizing prosodic events in speech utterances is illus-
trated by the block diagram in Figure 1. The acoustic
portion of the system has two parts. These include a
prosodic feature extraction component which obtains a
set of fundamental frequency and energy based acoustic
features A from the sampled speech waveform X, and
an acoustic modeling component which performs maxi-
mum likelihood (ML) classification of utterance segments
with respect to prosodic event based hidden Markov
models (HMMs). Since the acoustic portion of prosodic
event classification is performed using hypothesized word
and syllable boundaries, it provides a set of candidate
prosodic event strings that maximize the acoustic prob-
ability P(A|T,V).

The syntactic portion of the system also has two parts.
These include a part—of-speech (POS) tagger which ob-
tains a sequence of POS labels @ for the input word se-
quence and a syntactic model which predicts the prosodic
labels 1" from Q. The use of a POS tagger is motivated
primarily by the fact that POS tags are known to be
good predictors of prosodic events, and also by the fact
that it would take an extremely large corpus to robustly
estimate the parameters of a direct mapping from the
accent event sequence to the word sequence. The out-
put from the syntactic component is a set of candidate
prosodic event strings that maximize an approximation
to the syntactic probability P(T,V) = P(V,Q)P(Q,T),
where @ = arg maxg P(V, Q) is obtained from the POS

tagger. The most likely prosodic event string, T, ob-
tained by the combined system in Figure 1 corresponds to



the candidate string 7; with the highest combined acous-
tic/syntactic probability.

There has been previous work involving combined
acoustic and syntactic models of prosodic events with
application to both NLU and TTS [3, 10]. However, it is
very difficult to draw performance comparisons between
the different techniques because they were generally ap-
plied to different tasks, different corpora, and different
standards for prosodic labeling. The performance of the
system described in Figure 1 will be compared with that
of a text—only prosodic labeling procedure on the speech
corpus described in Section 2. The acoustic and syntactic
modeling components of the prosody recognition system
will be described 1n Sections 3 and 4 respectively. Sec-
tion 5 presents the results of the experimental study, and
Section 6 presents concluding remarks.

2 TOBI LABELED SPEECH CORPUS
2.1 The ToBI Labeling Scheme

ToBl is a system for transcribing the intonation patterns
and other aspects of the prosody of English utterances
[8]. Using this system utterances are labeled with tones
and with break indices. The tones are symbolic labels
for distinctive pitch events. They are transcribed as a
sequence of high (H) and low (L) tones. They can rep-
resent either pitch accents or the edges of intonationally
marked prosodic units. In this paper we focus on tones
and in particular on tones associated with accents. These
pitch accents include H* and L* for simple high and low
pitch contours, L* + H and L 4+ H* for low to high con-
tours. They also include corresponding units H-+!H",
L*+!H, L+!H*, and H* where the “!” symbol indicates
a compression of the pitch range.

The break-indices mark the prosodic grouping of words
in an utterance. A label is inserted at the end of each
word to indicate the subjective strength of association
with the next word. A scale of 0 (strongest association)
to 4 (minimal association) is used. For example, a 4
frequently represents a sentence boundary.

2.2 The Corpus

The speech corpus consists of a substantial number of
recordings of a single female speaker of American English.
The total speech used in this study is approximately 1.5
hours. The recordings are of three broad types and there
are approximately equal amounts of each type. All are
of read text, and the recordings adhere closely to the
text. The text for the first type of recording is a set of
sentences that were designed to be diphone-rich. The
sentences themselves are meaningful English sentences.
The second text set can be classified as newspaper style.
The third is of interactive prompt-style utterances.

The raw recordings were annotated in various ways.
The first step was to run an automatic alignment pro-
gram to identify word, syllable and phoneme boundaries.
the automatically generated data was then verified man-
ually.

Once this was done, the data was automatically labeled
with tones and breaks. This was achieved by running a
TT'S system with the text version of the utterances. The
resulting labels were corrected manually. The automat-
ically produced labels are much less accurate than for
the segmental alignment stage and the labels need to be
substantially adjusted.

The experimental study described here involves recog-
nition of eight pitch accents which are associated with
stressed syllables of prominent words. In addition to
the eight pitch accents mentioned previously (H*, L*,
LY+ H, L+ H* L*+H, H+'H*, L*+!'H, L+!'H*, and
H™*) an additional symbol, “0”, is used to represent the
“no—accent” case.

A total of 818 labeled utterances were used for training
the acoustic and syntactic portions of the prosodic label
recognition system described in Sections 3 and 4. These
utterances contained 11846 words where 6455 of these
words were associated with a pitch accent of some kind.
Label recognition results were reported on a test set of
90 utterances containing 1166 words where 658 or 56%
of these words are associated with a pitch accent.

3 ACOUSTIC MODELING FOR PROSODY

This section describes the acoustic feature extraction and
acoustic model estimation components of the prosody
recognition system. The goal is to train a set of continu-
ous observation density hidden Markov Models (HMMs)
A to represent the pitch accents in the ToBl-labeled
speech corpus described in Section 2. These models un-
derly the acoustic component of the accent recognition
system described in Figure 1. The acoustic modeling
aspects of the system including feature extraction, es-
timation of prosodic HMM models, and prosodic event
classification are discussed separately.

3.1 Prosodic Feature Extraction

There are a large number of acoustic features that are
thought to be correlates of prosodic events including fun-
damental frequency, energy, spectral slope, and segmen-
tal duration. In this work, the acoustic features were
limited to those that could be derived from fundamen-
tal frequency (FO) and energy (E). There are two steps
in the prosodic feature extraction process. First, raw
fundamental frequency and energy values are estimated
from the utterance and smoothed. Second, various em-
pirical normalization procedures are performed to reduce
variability among prosodic events.

The need for smoothing of FO estimates that are to be
used for intonational modeling has been raised in previ-
ous work in prosodic event recognition [3],[10]. Raw FO0
estimates are typically updated at ten ms. intervals and
contain discontinuities associated with unvoiced regions
in speech. They also include many local perturbations,
or micro—prosodic events. In order to deal with these
events, a pitch extraction algorithm which produces a
smoothed FO contour was exploited [1].

Both the energy and FO levels were normalized. FEnergy
was normalized so that the maximum energy level over
the entire utterance was constant. F0 was normalized
so that the range of FO values over a breath group was
constant. First and second difference parameters were
also computed from the smoothed and normalized FO and
E sequences. The prosodic features used in recognition
were then FO, AF0, AAFO0, E, AE, and AAE update

over ten ms. intervals.

3.2 Training Acoustic Prosodic Event Models

A stochastic HMM approach was investigated in an at-
tempt to deal with the very high degree of variability ex-
hibited by the prosodic features. An attempt was made
to manage the effects of acoustic variability by smoothing
and normalizing acoustic features, by exploiting knowl-
edge of hypothesized syllable boundaries, and by using
context dependent acoustic models to reduce the vari-
ability caused by the influence of different surrounding
prosodic events. Managing variability in this way re-
sulted in good acoustic classification performance even
though the HMM model structure itself does directly re-
flect the dynamics of the underlying feature space.
Context dependent, continuous Gaussian mixture den-
sity hidden Markov models defined over the prosodic fea-
tures described in the previous section were trained for
each prosodic event class. These models have a left—to—
right topology with a maximum of eight mixtures per
HMM state. Since accent tones are generally associated



with a syllable, a given HMM unit is associated with an
accent tone on a syllable in the context of accent tones on
the surrounding syllables. The influence of surrounding
context is especially apparent, for example, in anecdo-
tal observations of the differences between the acoustic
realizations of an unaccented syllable occurring in the
context of a preceding high contour, H*, as opposed to
a low contour, Lx*.

The location of the time instance for the peak asso-
ciated with the prosodic event was obtained from hu-
man labelers according to the ToBI labeling standard [8].
Models are trained from speech segments that are cen-
tered on this peak event and with duration normalized
to M frames.

3.3 Prosodic Event Classification

It is interesting to look at the performance of the acous-
tic prosody model in predicting the prosodic label for a
given word. First, however, it is necessary to deal with
the fact that even though the modeling problem as de-
scribed by Equation 2 involves predicting a word level
prosodic event f, acoustic pitch accents are generally
considered to be associated with a syllable. To deal with
this, we took advantage of the fact that an accent will
generally be associated with the syllable that is assigned
primary stress in the word. Furthermore, we assumed
that the principal stressed syllable can be obtained from
a lexicon. Since it 1s assumed that the word and syllable
boundaries in the utterance are given in advance or are
obtained from a probabilistic alignment with the original
utterance, we can identify the time segment in the word
where the accent event is most likely to occur and esti-
mate the likelihood of the accent event HMM for that
interval.

A cost, C(m,n), was computed for each segment m
with respect to each prosodic event model An,

C(m,n) = —log P(:Etlr]n,...,i:'t;n|)\n) . (3)

The time instants t3* and t.* are the beginning and end
times for the sequence of prosodic feature vectors &; asso-
ciated with segment m. The most likely prosodic event,

T = arg maxr P(A|T,V), is obtained by finding the low-

est cost prosodic model, A = argminy, C(m,n).

4 STOCHASTIC TRANSDUCERS FOR
TOBI LABEL PREDICTIONS

4.1 Stochastic Sequential Transducers

In this section we describe the stochastic model for accent
prediction based on the syntactic features. This model
is based on stochastic sequential transducers learned
through an automatic algorithm [6, 7]. Finite state trans-
ducers T recognize strings from an input language (e.g.
set of all possible sequences of part-of-speech tags) and
map into strings of an output language (e.g. set of all
possible sequences of ToBI labels). Stochastic transduc-
ers are powerful tools for representing the association be-
tween two information sources and measuring it with a
joint probability (e.g. P(Q,T)).

In general a stochastic transducer 7 maps the input
sequence Q = qi,...,qy into one or more ToBI label
sequences T; = ti,...,t% (1 = 1,...N). Consequently,
the finite state machine is called deterministic (N = 1)
or non-deterministic (N > 1) respectively. A stochastic
transducer 7 assigns to each pair (@,7;) a probability
P(Q,T3). The probability P(Q,T) is then computed as
the sum over 1;: P(Q,1) =), P(Q,1;) There are three
issues related to learning stochastic finite state transduc-
ers:

o The generation of the state space.

e The mnext-state transition function (mapping one
state into the next one).

o The computation and estimation of the probability

P(Q,T)).

Our algorithm automatically defines the state space
on the basis of all n-tuples of pairs (gi,ti) ob-
served in the training set [6]. The next-state tran-
sition function depends on the context length n (or-

der of the model) of (q»,,tj) pairs used to compute
P(QvTZ) = HJ‘ P(qJ7t;|qj—"+17t;—n+17'--7qj—17t;—1)'

Moreover the non-determinism in the transition func-
tion is implemented 1n order to account for un-
seen word pairs in the training set. 'The probabil-
ity P(qy,t5|qj—n+1,t5—pg1y.-+yq5—1,t;_1) are estimated
with discounted Maximum Likelihood techniques so that
a non-zero probability is guaranteed overall the space of

POS-ToBI pairs [6].

4.2 Application to ToBI label prediction

In this study we have considered part-of-speech tags as
the only linguistic information for accent prediction. We
have a total of 58 part-of-speech tags and combination
thereof !. We have used this information to train the joint
probabilities P(q;, t5|gj—n+1,t5—nt1,. 1 @i—1,¢5-1). An
input word sequence is tagged with a stochastic trigram
part-of-speech tagger whose accuracy, as measured on the
Wall Street Journal database is 95%( [2]). We tested
the performance of the POS tagger on our database
and found slight performance degradation. The part-of-
speech tagging operation in Figure 1 is performed both
on the training and test set of word sequences. The POS
tag stream is aligned with the ToBI sequences and the
pair sequences ..., q;,t;,. .. are generated as input to the
self-organizing algorithm in [6].

We map any part-of-speech tag into a non-accented or
accented prosodic class. We select the best hypothesis T
by maximizing the probability P(Q,1;) with the Viterbi
algorithm:

T = arg max P(Q,T:) (4)

In Table 1 we report on the correct classification rate
for the accented and non-accented label class for different
order n of the transduction. The decrease in performance
as we increase the model order for the accented class is
partly attributable to a severe data sparseness problem.
As a result, the first order model gives reliable prediction
as supported by the previous work in [4]. However, there
is a 20% classification error rate improvement for the
non-accented class for the 4-th order statistical model.
Furthermore, a higher order predictor will be more ef-
fective in conjunction with the acoustic model predictor.

[ Order | Accent(%) [ No-Accent(%) |

1 89.8 79.5
2 86.5 80.9
3 83.9 81.5
4 86.5 81.7

Table 1: Correct classification rates for different order
stochastic transducers.

1For example can’t is first tokenized and then tagged as
MD+RB, where MD and RB are tags for modal auxiliary and
adverbs.



5 EXPERIMENTAL RESULTS

This section describes the evaluation of the combined
acoustic/syntactic prosody recognition system in Fig-
ure 1 on the evaluation speech corpus described in Sec-
tion 2. The input to the system is a speech utterance,
X, and an orthographic word transcription, V, that is
assumed to be known. The implementation of the in-
tegrated system is based on finite state machine based
representations which were briefly discussed in Section 4.

The problem of combining the outputs of the acoustic
and syntactic components is facilitated by representing
the set of all possible ToBI string candidates for a given
utterance as a finite state machine (FSM) [5]. String
lattices are a type of FSM that are used here to rep-
resent, all possible sequences of ToBI accent labels that
could be produced for a given utterance. Fach arc in
the acoustic lattice, Aa, is associated with a symbol rep-
resenting one of the accent tones and an acoustic cost
as given by Equation 3. Each arc in the syntactic lat-
tice, Ag, i1s also associated with a symbol representing
one of the accent tones and syntactic cost as given by
—log P(qy, tj|gj—2,t—2,q;—1, tj—1) from Section 4. The
intersection, or Hadamard product, of these two lattices

)\AS:)\A (0] oz)\s, (5)

where « is an empirical weighting, results in a network
containing all sequences of ToBI strings that are common
to Aa and As [5]. The path cost for a given string of ToBI
labels in Aas is equal to the weighted sum of the path
costs for that string in A4 and Ag. The optimum ToBI
string candidate shown as T in Figure 1 corresponds to
the lowest cost path through lattice Aas.

The results obtained using several different systems for
the above prosody recognition scenario are given in Ta-
ble 2. The entries in the table represent percent correct
recognition for a two—class, accented word versus un—
accented word, accent recognition problem. The accent
tones correspond to those tones described in Section 2.
The performance for the unaccented and accented words
are displayed separately in the Table and were obtained
from 90 test utterances containing 1166 total words with
508 of those words being unaccented. The first row of Ta-
ble 2 displays the performance of the baseline text—only,
classification and regression tree based system developed
by Hirschberg [4], and adapted to this task by Syrdal [9].
The average accuracy of this baseline system was 84.8%.

The second and third rows of Table 2 display the per-
formance of the acoustic and syntactic portions of the
system described in this paper. The independent acous-
tic and syntactic systems obtain 82.8% and 84.0% accu-
racy respectively, with both systems obtaining far greater
accuracy in classifying accented words compared to un-
accented words. The last row of the table displays the
performance of the combined acoustic/syntactic system.
It is important to note that the average performance of
the combined system represents a 23% reduction in av-
erage error rate over the baseline system and a 44.7%
reduction for the accented words in particular.

[ System [ Accent(%) | No-Accent(%) | Average |

Baseline 86.6 82.5 84.8
AC 85.5 79.5 82.8
SYN 86.5 80.9 84.0
AC + SYN 92.6 83.0 88.3

Table 2: Percent correct two class accent recognition
performance. Acoustic (AC) and syntactic (SYN)
performance are shown separately.

6 CONCLUSIONS

A prosodic event recognition system has been developed
consisting of both a stochastic HMM based acoustic mod-
eling component and a stochastic sequential transducer
based syntactic modeling component. The system was
applied to recognizing ToBIl accent tones in utterances
taken from a single speaker read speech corpus. All
acoustic and syntactic model parameters in the system
were trained using approximately 800 labeled utterances
consisting of less than 12000 words. The accent tone
recognition performance for a two class accent /no-accent
task represents a 23% error rate reduction over the per-
formance of a text—only baseline system.

The larger goal of this work is to integrate the au-
tomatic prosody labeling system into the framework of
TTS, ASR, and NLU systems. The eventual impact of
incorporating prosodic events on the overall system per-
formance for these applications is dependent on many
issues. These include the underlying representation of
prosodic events as well as the performance of an auto-
matic system in recognizing these events. However, we
consider the performance that was demonstrated in this
work begins to approach that which might be usefully
applied toward these larger domains.
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