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1. Introduction
Does prosody help word recognition? Humans listening to
natural prosody, as opposed to monotone or foreign prosody,
are able to understand the content with lower cognitive load
and higher accuracy [1]. For automatic Large Vocabulary
Continuous Speech Recognition (LVCSR), the answer is not
that straightforward. Even though successful word recogni-
tion and successful prosody recognition have been demon-
strated independently in many academic and commercial appli-
cations, no result has been reported in the literature that shows
improved word recognition on a large-vocabulary continuous
speech recognition task with the help of prosody. In 1997,
Kompe [2] presented a theoretical proof stating that prosody can
never improve word recognition accuracy unless the recognizer
uses prosody dependent models. In this paper, we propose a
novel probabilistic framework in which word and phoneme are
dependent on prosody in a way that improves word recognition.

We propose the use of prosody-dependent allophones based
on the “hidden mode variable” theory of Ostendorf et al [3], but
with prosody dependence carefully restricted to a subset of dis-
tributions that are known to be most sensitive to prosodic con-
text. Specifically, we propose to model prosody dependence of
the phoneme duration probability density functions (PDFs), the
acoustic-prosodic observation PDFs and the language model,
and to ignore prosody dependence of the acoustic-phonetic ob-
servation PDFs. In so doing, we create effective models of the
most striking and most often reported prosody-dependent allo-
phonic variation, without significantly increasing the parameter
count of the speech recognizer.

2. Prosody dependent modeling
In this section, we describe the probabilistic framework we
propose for prosody dependent word and phoneme modeling.
The task of prosody dependent speech recognition, given a
sequence of observed short-time vectorsO = (o1, ...oT ) of
the acoustic features, is to find the sequence of word labels
W = (w1, ..., wM ) and the sequence of prosody labelsP =
(p1, ..., pM ) that maximizes the recognition probability:

[Ŵ , P̂ ] = arg max p(O, Q, W, P ), (1)

whereQ = (q1, ..., qL) is a sequence of sub-word units, typ-
ically allophones dependent on phonetic context. Ostendorf et
al. [3] suggested expanding equation (1) as:

[Ŵ , P̂ ] = arg max p(O|Q, H)p(Q, H|W, P )p(W, P ), (2)

where H = (h1, ..., hL) is a sequence of discrete “hidden
mode” vectors describing the prosodic states ofQ, p(O|Q, H)

is the prosody-dependent acoustic model,p(Q, H|W, P ) is
a prosody-dependent pronunciation model, andp(W, P ) is a
prosody-dependent language model. Equation (2) proposes
that every distinct combination of the state variablesq andh
should be modeled using a distinct acoustic model. In the most
straightforward implementation of (2), a recognizer aware of
|h| different prosodic contexts would require|h| times as many
trainable parameters as a prosody-independent recognizer. In
our experiments, we find that the number of parameters re-
quired to directly implement (2) is rarely justified by a propor-
tional increase in recognition accuracy. We therefore propose to
model only the most salient and widely reported acoustic effect
of prosody: intonational phrase-final lengthening [4] and pitch
accents.

In [5], we investigated the lengthening of speech segments
in the vicinity of intonational phrase boundaries and shew that
the phrase final lengthening can be reliably modelled to improve
both the word and boundary recognition accuracy. In this pa-
per, we extended the prosody dependence to another common
prosody attribute: pitch accents, by makingh a two dimensional
prosodic vector:h = [a, b], wherea is a binary variable indi-
cating if a phonemeq is strengthened (pitch accented), andb
is a binary variable indicating ifq is lengthened for being in
the phrase final position. The observation vectorO is also aug-
mented to include two independent feature streamsX andY :
O = [X, Y ], whereX is the conventional acoustic-phonetic ob-
servation (typically cepstral coefficients) andY is the acoustic-
prosodic observation. The phrase-final lengthening is modelled
by conditioning the state residency time or “duration” of a pho-
netic state of a HMM on the prosodic variableb. The pitch
accents is modelled by conditioning the acoustic-prosodic ob-
servationY on both the phonemeq and the prosodic variablea.
We propose to use a prosody-dependent explicit duration hidden
Markov model (EDHMM) in order to precisely model prosody
dependent phoneme lengthening. The EDHMM of phonemeqi

under prosodic statebi consists of a sequence of hidden state
variablesSi = (si1, ..., siN ), each of which persists for dura-
tion dij , and each of which produces a length-dij sequence of
observation vectors denotedOij . If, as we propose, the prosodic
variables influence only phoneme duration and pitch, then the
probability of observing matrixOi = [Oi1, . . . , OiN ] is

p(Oi|qi, hi)

= p(Xi, Yi|Si, hi)p(Si|qi, hi)

=

N∏
j=1

p(Xij , Yij |sij , ai)p(dij |sij , bi)p(Si|qi)

=

N∏
j=1

p(Xij |sij)p(Yij |sij , ai)p(dij |sij , bi)p(Si|qi).(3)



In this paper, the prosody labelpm in equation (2) takes eight
possible values that indicate the relative position of the word
wm in an intonational phrase (phrase initial, phrase medial,
phrase final, or a one-word intonational phrase) and its binary
prominence level (accented, unaccented). The prosodic vari-
ablebi takes only two possible values, indicating whether the
corresponding allophoneqi is phrase final, where the phrase
final phonemes are defined as the vowel nuclei and coda con-
sonants in the intonational phrase final syllables. The prosodic
variableai is also binary, indicating whether the corresponding
allophoneqi receives a pitch accent. Note that under these def-
initions, each phonetic statesij can have at most four different
prosody dependent variations: neutral, accented, lengthened,
accented+lengthened. However, the number of parameters of
sij is not increased by four times because all the variations of
sij share the same acoustic-phonetic observation PDFs. Mean-
while, the duration PDFs of those phonetic state variations that
have the same level of lengthening are shared, and so do the
acoustic-prosodic observation PDFs of those having the same
level of prominence.

The pronunciation modelp(Q, H|W, P ) is implemented
using a prosody-dependent dictionary in which the connec-
tion between the word level prosody variablepm and the
phoneme level prosody variablesai and bi are explicitly en-
coded. The language modelp(W, P ) is implemented as a
prosody-dependent bigram, i.e.

p(W, P ) = p(w1, p1)

M∏
m=2

p(wm, pm|wm−1, pm−1). (4)

3. The acoustic prosodic feature
The fundamental frequencyf0 is generated using the formant
program in Entropic XWAVE with probability of voicing (PV)
output at the same time as a confidence measure to the extracted
f0. We avoid pitch doubling and halving errors by eliminating
f0 that falls into the doubling and halving clusters of a 3 mixture
Gaussian model whose means of the mixture components are
restricted to1/2µ, µ, and2µ, whereµ is the estimated utterance
meanf0. We then normalizef0 by µ and convert it to log scale:

f̂0 = max(0, log(f0/µ + 1)). (5)

To eliminate unreliablef̂0 measures, those with PVs smaller
than a heuristic threshold are replaced by the linear interpolated
valuesf̃0 based on thêf0 that have PVs greater than the thresh-
old.

A multi-layer perceptron (MLP)g(·) is trained to transform
the interpolatedf̃0 into a new variableY whose distribution
can better fit the Gaussian assumption of HMM:Y = g(f̃0).
This MLP is trained under the objective of minimizing the mean
square error between the MLP output signal and a teaching sig-
nal that is designed based on the pitch accent labels. About
85% pitch accent event prediction accuracy is achieved by this
method.

4. Experiments
4.1. Database

All but one of the experiments conducted for this research use
the Boston University Radio News Corpus (RNC) because it
is one of the largest publicly available speech databases tran-
scribed using the ToBI (Tones and Break Indices) prosodic tran-
scription system. RNC speech files include a combination of

HMM EDHMM
Phone Corr.(%) 64.82 64.84
Phone Acc.(%) 50.98 51.86

Table 1: Phoneme Recognition experiments on TIMIT.

HMM EDHMM
Corr Acc #para Corr Acc #para

PI 14.05 2.38 39000 14.32 2.68 43414
PD 33.74 18.9 39789 33.76 19.62 47053

Table 2: % Allophone recognition correctness and accuracy on
prosody dependent allophones, and number of parameters of the
allophone models. Both PI and PD contain 166 allophones.

original radio broadcasts and laboratory broadcast simulations.
ToBI transcriptions are available for five talkers (3 female, 2
male). The training and test data include 301 utterances (3775
words, about 3 hours of speech sampled at 16Khz). 90% of
the available utterances were randomly selected as training data,
while the remaining 10% were used for testing.

In ToBI, break indices are marked to indicate the degree of
decoupling between each pair of words. In order to minimize
the size of the prosodic search space, only two levels of breaks
are distinguished. Breaks with indices higher than 4 (intona-
tional phrase boundaries) are labelled as B4 and breaks with
indices lower than 4 are unmarked. Pitch accents are origi-
nally marked in 3 main categories: H*, !H* and L*. In this
research, we grouped them into a single class. Boundary tones
and phrasal tones are ignored.

4.2. HMMs and the acoustic-phonetic features

In all experiments, a 3-state HMM with no skips is used
to model all the prosody-dependent allophones, the acoustic-
phonetic observation PDFp(Xij |sij) in equation (3) is mod-
elled as 3-component mixture Gaussians, and the acoustic-
prosodic observation PDFp(Yij |sij , ai) is modelled as a sin-
gle Gaussian. The baseline prosody-independent phoneme set
is created by eliminating some of the low-frequency function-
word-dependent phonemes in the SPHINX phoneme set [9]. A
32 dimensional feature vector consists of 15 MFCC coefficients,
energy, and their delta coefficients is used as acoustic-phonetic
observations.

5. Results and discussion
Three major recognition experiments were conducted: a
prosody-independent phoneme recognition experiment using
the TIMIT database (Table 1), a prosody-dependent phoneme
recognition experiment using the Radio News Corpus (Table 2),
a prosody-dependent word and prosody recognition experiment
using RNC (Table 3).

To compare the performance of EDHMM with standard
HMM, we conducted phoneme recognition experiments on
the TIMIT database using standard 48 phonemes modelled by
HMMs of 3 non-skipping states and 3 mixture Gaussians per
state. The phoneme recognition accuracy under no grammar
condition is improved by .9%, as shown in table 1.

To measure more precisely the influence of prosodic con-
text on phoneme duration and acoustic-prosodic observation
PDFs, we conducted prosody-dependent allophone recogni-
tion experiments on the Radio News Corpus. Two sets of



allophone models were constructed: a prosody-dependent set
PD whose prosodic contexts are differentiated by the duration
PDFs and the acoustic-prosodic observation PDFs, as shown in
equation (3), and a baseline prosody-independent set PI whose
prosodic contexts are logically distinct but physically the same,
i.e., the duration PDFs under different prosodic contexts are tied
and the acoustic-prosodic observation PDFs are removed. By
comparing the prosody-dependent allophone recognition cor-
rectness and accuracy of PD and PI models with a null gram-
mar (every allphone sequence equally likely), it is possible to
assess the strength of the dependence of duration PDFs and
acoustic-prosodic observation PDFs over the prosodic context
in the RNC database. Table 2 shows the results of this experi-
ment.

To measure the overall performance of prosody dependent
recognition, we conducted word recognition experiments and
prosody recognition experiments using two types of Acoustic
Models (AM) and two types of bigram Language Models (LM).
The two types of acoustic models are PI and PD which have
been used in the prosody dependent allophone recognition ex-
periment. The two types of language models are denoted as PI
and PD as well. Here, PI denotes a LM that contains only plain
words with no prosodic variation; and PD is the LM that has
the maximal prosody dependence in which a word can have at
most eight different prosody-dependent variations. We found
the entropy of the test text dropped from 2.05 bits to 1.72 bits
after prosody dependence is implemented in language model,
at a cost of increasing number of parameters of language mod-
els from 5380 to 14751. This result can be explained by the
strong correlation between prosody and syntax. By construc-
tion, this database includes many word string repetitions, thus
word strings in the training data often re-appear in the test data,
and so do the prosodically correlated syntactic structures (the
syntactic structures that appear with the same prosody context).
This improvement of language modelling is further supported
by comparing the PI+PI results with the PI+PD results in Table
3. It shows that with the same acoustic model PI, the language
model PD can improve word recognition by about .6% over the
language model PI. After switching to a better acoustic model
PD, the word recognition can be further improved because the
interaction between the prosody-dependent acoustic model and
prosody-dependent language model increases the likelihood of
the word and phoneme paths that are prosodically plausible.
This is supported by Table 3 that shows the word recognition ac-
curacy (WRA) of PD+PD+EDHMM has improved about 1.8%
over the baseline system PI+PI+HMM.

Table 3 also shows the pitch accent recognition accuracy
from this prosody-dependent recognizer. In this case, we com-
pared the decoded word level accent transcriptions with the
reference accent transcriptions. The accuracy of pitch accent
recognition increases from 55.41% to 79.65% with prosody de-
pendence modelled. This accent recognition results are not di-
rectly comparable to the accent event recognition results in the
acoustic-phonetic feature construction in section 3, because it is
dependent on word recognition accuracy.

6. Conclusions
In this paper, a prosody dependent speech recognizer that mod-
els word and prosody in a unified probabilistic framework is
proposed. We find that in the Radio News Corpus the knowl-
edge of intonational phrase boundaries and pitch accents can be
utilized to improve both word recognition and prosody recog-
nition. Prosody dependent acoustic modeling combined with

AM LM HMM EDHMM
Word PI PI 74.89 75.15

PI PD 75.52 75.67
PD PD 76.50 76.62

Accent PI PI 55.41 55.37
PI PD 76.75 76.92
PD PD 79.61 79.65

Table 3: % word and accent recognition accuracy using PI and
PD acoustic models in combination with PI and PD language
models.

prosody-dependent language modeling improves word recog-
nition accuracy by an absolute 1.8% using EDHMMs. The
best tradeoff between performance and parameterization is
achieved by a prosody-dependent HMM recognizer which in-
creases WRA by 1.6% with only 1.7% parameter increase in
acoustic modeling and about 21% parameter increase in lan-
guage modeling.
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