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Abstract

In this study Hidden Markov models are
employed for the automatic classification of
pitch accents in German utterances. A sim-
plified version of the tone sequence model (i.e.
a linguistic theory of pitch accents) is applied.
In this approach only two of the nuclear tones
(rise, fall) are used. They are represented by
continuous density Hidden Markov models.
The classifier works on the sequence of fea-
ture vectors defined by N-tuples of succeed-
ing fundamental frequency estimates.

Introduction

The aim of this study is the automatic ex-
traction of the sentence accent in German
utterances. It is based on the fundamental
frequency (F0), which ist a perceptually very
important item among prosodic parameters
such as F0, duration and intensity. There-
fore, the automatic extraction of the sentence
accent is performed by automatic pitch ac-
cent classification.

According to the tone sequence model
(TSM) [Pierrehumbert 80] the fundamental
frequency contour is considered as a sequence
of intonation phrases (IP). Particularly long
sentences usually consist of more than one IP.
Within each IP a single syllable carries the
pitch accent. The shape of this pitch accent
is classified into typical patterns e.g. rise L*H
and fall H*L. In that notation L and H are
the two (abstract) tones of the TSM and the
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asterisk * represents the accented syllable.

Beside the bitonal pitch accents T*T (T
is one of the abstract tones L and H) there
exist monotonal pitch accents T* and more
complex patterns like L¥HL as well as trail
tones T% (% represents the end of the IP).
The adaptation of the TSM for the German
language [Féry 93] reduced the number of re-
quired pitch accent patterns.

The TSM considers both, the syllable
structure and the F0 contour. Since inten-
tionally this investigation does not contain a
phoneme recognizer, no syllable structure is
available for the task of automatic classifi-
cation. Therefore, a further reduction of the

pitch accent patterns is introduced. Only rise
L*H and fall H*L are considered here.

Unfortunately, no particular fundamental
frequency may be . assigned to the abstract
tones L and H of the TSM. Hence a statisti-
cal model, the HMM, is employed. It covers
both, the dynamic temporal structure of the
FO contour and the probabilistic assignment
between the model state and the fundamen-
tal frequency observed.

A syllable based prosodic feature extrac-
tion combined with a Markov model was re-
cently applied to the task of prosodic labeling
by [Wightman, Ostendorf 94]. In this study
we intended to use a very simple transform
of the F0 contour to the feature vector input
of the HMM. In particular, N-tuples of suc-
ceeding IO estimates form the coordinates of
the feature vector. The dimension N of the
feature vectors is varied in the range from 2
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to 6, leading to a preference of N=3.
Auditively labeled data form the training
data for the HMMs. Thereby, the accent pat-
terns are identified by the human perception
as the most prominent parts of the utter-
ance. Implementation, training and evalu-
ation of the system is performed with com-
mercial software for digital signal processing

[ESPS], [HTK].

Hidden Markov modellihg
of the accent patterns

A block diagram of the automatic pitch ac-
cent classification system is shown in Figure
1. The speech signal x(n) is transformed to
FO0 estimates fo(m). This processing includes
a significant reduction of the sampling rate
from 16 kHz to 100Hz. Then the F0O contour
is converted to parameter vectors by assign-
ing N-tuples of succeeding I'0 estimates to
the coordinates of the feature vector

Jolm)

.() 1 l
fo(m) = / (m'+ )

folm+ N —1)

This feature vector sequence fy(m) is the in-
put signal of the recognition system. Dur-
ing the training phase auditively labeled data
from the training sct are presented to train
the HMMs. After the training phase the rec-
ognizer output are the instants and the names
of the pitch accents. In that experimental
stage, auditively labeled pitch accents of the
test set are used to evaluate the recognition
rates. Clearly the path of auditively labeled
data disappears from Figure 1 during the nor-
mal operation of the recognizer.

Totally six HMMs are trained: rise
(L*H). fall (H*L). lowborder (L%). highbor-
der (H%). silence and noise. The first two
of them. rise and fall. are the only models
for pitch accent patterns. Trail tones (at the
end of IPs) are modelled by lowborder and
highborder. The silence model is included for
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Figure 1: The pitch contour recognizer.

unvoiced speech segments and speech pauses.
Finally. the noise model is intended to cover
all pitch contour patterns that do not match
any of the categories above.

Five state models are used for rise and fall,
three state models in all other cases. As
shown in Figure 2 no backward state tran-
sition is enabled and only one state may be
skipped.

Figure 2: The pitch aceent state model.

. The model sequence of the recognition is
restricted by the network grammar shown in
Table 1. The network grammar specifies how
the HMMs mayv be connected to model an
observed sequence of pitch contour patterns.

Spep = fall | rise | fall lowborder
| rise highborder
SIP = [noise] {Spcp} Spep [silence]

Table 1: The network grammar.

The basic element of that grammar is the
pitch contour pattern (Spcp) that may be ei-
ther the fall-HMM or the rise-HMM or one

2048




of the two sequences of HMMs: the fall-
HMM and the lowborder-HMM or the rise-
HMM and the highborder-lIMM. An intona-
tion phrase (IP) consists of one or more pitch
contour patterns that are preceeded by noise
or followed by silence optionally.

Training

German sentences from [Féry 93] are used as
training and test data. Sixty sentences were
spoken by a female subject and sampled with
16kHz. After the auditive pitch accent la-
beling of all sentences, they were partitioned
into the two data sets of 48 training sentences
and 12 test sentences.

Tom will Milch trinken.
H*L
Morgen ist ein  anderer Tag.

H*L

Table 2: Example sentences: Tom wants to
drink milk. Tomorrow is another day.

Two of the example sentences are shown in
Table 2. The first line gives the orthograpic
form of the sentence. The syllables bearing
the sentence accent are printed in italics. The
second line indicates the type of the pitch ac-
cent pattern, a fall in both examples.

The first step of HMM training starts with
the initialisation of the transition probabili-
ties and with the estimation of the mean and
the variance of the feature vector fo(m) for
each state. The auditively labeled pitch con-
tours are employed to assign the observed fea-
ture vectors to the appropriate HMM.

Then a reestimation procedure is applied
iteratively. It modifies both the transition
probabilities and the feature vector statistics
of each state. In that reestimation procedure
the auditively placed labels are no longer
used. Hence the HMMs adapt to the train-
ing data. The count of iterations should be
chosen carefully. Too many iterations with
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few training data lead to HMMs very much
specialized to that data, a sort of over fitting
that should be avoided. Our training proce-
dure worked best with 4 reestimation itera-
tions.

Results

The recognizer output is the sequence of pitch
contour models which does match best to the
observed pitch countour fo(n). An exampleis
shown in Figure 3. Obviously the recognizer
output does contain the correct sentence ac-
cent pattern H*L, but it contains many other
models. This is due to the fact that sen-
tence grammar is not modelled in any way.
If this pitch contour classificator is embeded
in a system that implements sentence gram-
mar, the accented syllable is known by the
system and the sentence accent pattern can
be looked up.
Three windows are shown in Figure 3:

e the raw speech signal,
e the label data and
o the fundamental frequency contour.

All signals are syhchronized, hence they share
a common time axis. The label data window
contains three different symbolic sequences,
that are displayed in three lines:

e the recognizer output, i.e. the automatic
labeled pitch contour patterns

e the auditively labeled pitch contour pat-
terns, and finally

e the auditively labeled word sequence.

What feature vector dimension N leads to
the highest recognition rate? To answer that
question, the set of test sentences was used to
evaluate the recognizer. The evaluation was
performed for feature vector dimensions N
ranging from 2 to 6. Table 3 gives the results
of that experiment. It gives the highest rate
of correct recognition for N = 3. From the
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fall rise : rise

rise fall
highborder lowborder
noise | vise lowborder
Tomi will | Milch | trinken |

g

L

Figure 3: Recognition example.

EUROSPEECH "95, Madrid, Spain, September 1995 2050



