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Abstract. In our previous research, we have shown that prosody can be
used to dramatically improve the performance of the automatic speech
translation system VERBMOBIL [5,7,8]. In VERBMOBIL, prosodic infor-
mation is made available to the different modules of the system by an-
notating the output of a word recognizer with prosodic markers. These
markers are determined in a classification process. The computation of
the prosodic features used for classification was previously based on a
time alignment of the phoneme sequence of the recognized words. The
phoneme segmentation was needed for the normalization of duration
and energy features. This time alignment was very expensive in terms
of computational effort and memory requirement. In our new approach
the normalization is done on the word level with precomputed duration
and energy statistics, thus the phoneme segmentation can be avoided.
With the new set of prosodic features better classification results can
be achieved, the features extraction can be sped up by 64%, and the
memory requirements are even reduced by 92%.

1 Introduction

The aim of the VERBMOBIL project is to develop a system that translates spon-
taneous human-to-human speech from a source to a destination language [5].
During this translation process prosodic information is used at various stages
[8]. In VERBMOBIL the output of a word recognizer is structured as a word hy-
potheses graph (WHG). Every edge represents a word hypothesis and every path
through the graph a possible acoustic—phonetic interpretation of the observed
utterance. The edges in the graph are marked with start and end time, thus

* This work was funded by the German Federal Ministry of Education, Science, Re-
search and Technology (BMBF) in the framework of the VERBMOBIL Project under
Grant 01 IV 102 H/0. The responsibility for the contents lies with the authors.



making it possible to determine the corresponding segment of the speech signal.
In order to make prosodic information available, each edge in the WHG is en-
riched with probabilities for prosodic events. The probabilities are determined
in a classification process. For each word hypothesis, prosodic features are ex-
tracted from the speech signal and used as input to a multi layer perceptron
(MLP) for each prosodic event. The output of the MLP can be interpreted as
a-posteriori probability [3].

In our previous experiments, a time alignment of the phoneme sequence of the
recognized words was necessary to perform a phone intrinsic normalization of en-
ergy and duration features. A phone intrinsic normalization is important because
individual phonemes are affected very differently by a change in speaking-rate
or loudness [2, 6, 1]. The time alignment was by far the most expensive operation
in terms of computational effort and memory requirement.

In this paper, we present a new set of prosodic features. Phone intrinsic
variations are taken into account without the need to perform a time alignment
of the phoneme sequence. All that is required is the duration of each word
hypothesis. The phone intrinsic normalization is done on the word level with
the help of precomputed duration and energy statistics. The new features are
described in Section 2. We show that with the new set of features we achieve
better results for all prosodic classes that are distinguished in the VERBMOBIL
system. These results are detailed in Section 3.

2 Feature Extraction

Aim of the extraction of prosodic features is to compactly describe the proper-
ties of the speech signal which are relevant for the detection of prosodic events.
Prosodic events, such as phrase boundaries and phrase accents, manifest them-
selves in variations of speaking-rate, energy, pitch, and pausing. The exact in-
terrelation of these prosodic attributes is very complex. Thus, our approach is
to find features that describe the attributes as exactly but also as compactly as
possible.

At each edge of the WHG, not only the current edge (i.e. the current word
interval) is used for feature extraction but also intervals containing several words.
These intervals from the beginning of word f to the end of word ¢ are referred
to by I(y . Intervals that we use are e.g. [(_o 1) or I(_; ). At the end of the
word ”not” in the utterance shown in Figure 1 the Interval I, ;) e.g. denotes
the time interval from the beginning of the word ”Of” to the end of the word
"course”.

No. Of course not. On the second of may.
W1 Wz Wa Wk

n @U \VkaO:ranA:t HA: nH DVHsek@ndHVvael\
R p P

12 3 i n

Fig. 1. Utterance "No. Of course not. On the second of May.” with the phoneme
sequence in SAMPA notation.



Each of the features that we used in our experiments (see Section 3) corre-
sponds to an interval as described above. The pause features are easily extracted:
These are simply the duration of filled pauses (e.g. "uhm”, ”uh”, ...) and silent
pauses. Energy and pitch features are based on the short term energy and FO
contours. Duration features should capture variations in speaking-rate and are
based on the duration of speech units. A normalization of energy, duration, and
pitch features can be performed in order to take phone intrinsic variations and

the optional use of prosodic marking into account.

2.1 Features describing contours

As mentioned above, energy and pitch features are based on the short-term en-
ergy and F0 contour, respectively. Some of the features that are used to describe
a pitch contour are shown in Figure 2. Additionally, we use the mean and the
median as features (not shown in the figure).
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Fig. 2. Example of features used to describe a pitch contour.

2.2 Duration features on the phoneme level

In our previous experiments, a time alignment was performed and 74y rqtion Was
computed according to Equation 1 (with F' = duration, I being some interval
and #I denoting the number of units v in the interval I). The units u are
phonemes in this case.

1 F(u)
1 ZF(U)—TF(I)MF(u)
(1) = #J 7F(1)oFp(u) @



_ duration(u)
Thus, Tguration = # Y el HZ:::?::(’:) is a measure of how much faster or

slower the phonemes in the interval I were spoken compared to their mean du-
ration. This value Tgyration(I) was subsequently used to compute the measure
Cauration(J, I) (see Equation 2) that we included in our feature vector as normal-
ized speaking-rate for interval J. This value (guration(J, I) is a measure of how
much faster or slower the interval J of the utterance was spoken compared to
the interval I. This measure takes into account phone intrinsic dependencies as
well as the optional use of prosodic marking. The standard deviation oguration(u)
and the mean of the duration pgyration(u) have been computed previously on a
large training database.

2.3 Duration features on the word level

A major disadvantage of the approach described in Section 2.2 is the necessity to
determine the phoneme intervals. In our feature extraction module the compu-
tation of the phoneme intervals requires 92% of the total computation time and
64% of the total memory needed. Therefore, one would prefer to do a normaliza-
tion on the word level. But for most words w there is not enough training data
to get reliable estimates for the pp(,) and op(y). Equation 2 can be interpreted
as a transformation of a feature with mean 7r(I)ur(x) and standard deviation
7 (I)op(x) to a feature with mean 0 and standard deviation 1. If we assume that
the F(u) are independent random variables then a%(ul) + O'%(uQ) = U%(ul) P ()
(see e.g. [4]). Thus, we can compute the mean pp(,) and the standard deviation
0F(w) for aword w = (p1,p2,p3, . . ., pn) with phonemes p; as shown in Equations
3and 4 (if F(w) = F(p1) + F(p2) + ... F(pn))-

n

BEw) = Y B (p:) (3)

i=1

OF (w) = \/ OF (p1)+ F(p2) +--F(pn) =

In case of F' = duration this means that if we assume the durations of the
phonemes are independent random variables then the word duration statistics
can be deduced from the phoneme duration statistics. Thus, if during recognition
a normalization on word level has to be performed according to Equations 1 and
2 then either word duration statistics pp(,) and op(,) can be used if reliable
estimates exist or the estimates can be deduced according to Equations 3 and 4.

2.4 Energy features

In order to describe the short-term energy contour we used only a subset of
the features that are shown in Figure 2 because not all of them provide useful
information (e.g. onset and offset). Furthermore, we included normalized energy
in our feature vector; the same normalization as described in Section 2.3 can be
applied here, i.e. F' = energy has to be used in Equations 1 and 2.



3 Experiments and Results

In order to evaluate our new feature set we performed several experiments.

1. On a subset of the German VERBMOBIL corpus, we compared the memory
requirements and the computation time of the old and the new feature ex-
traction methods. For this experiment, we used a set of 95 pitch, duration,
pause, and energy features.

2. On the prosodically labeled German and English subsets of the VERBMOBIL
corpus we performed classification experiments for all prosodic events that
are used in the system, i.e. phrase boundaries, phrase accents, sentence mood,
irregular boundaries, and emotion.

The results of the first experiments are shown in Table 1. As can be seen,
the extraction of features could be sped up by a factor of more than 12, while
at the same time the memory requirements were reduced almost by a factor of
three.

| Computation Time || Memory Requirement |

old features|new features||old features |new features
216 min 17 min 73 MByte 26 MByte

Table 1. Computation time and memory requirement of the old and new feature
extraction methods on 112 min of speech

In Table 2 the recognition results for phrase boundary and phrase accent
recognition are displayed (RR is the absolute, RR the relative recognition rate;
see Equations 5 and 6). The recognition did improve, even though the old feature
set consisted this time of 276 features based on word, syllable and syllable nuclei
intervals, whereas the new feature set comprised only 105 word based features.

__ # correct classified patterns

RR : 5
# all patterns (5)
— 1 correct classified patterns of class ¢
RR=——— Yy * D (6)
## classes # all patterns of class ¢
cEclasses
English German
old features|new features||old features|new features
RR boundary 84.0 89.0 84.0 84.7
RR boundary 86.0 88.5 85.6 86.0
RR accent 77.0 81.4 81.2 81.7
RR accent 75.0 81.0 80.9 81.0

Table 2. Recognition results for phrase boundaries and phrase accents recognition.



4 Conclusion and Further Work

In our experiments we have shown that our new word based features have at
least as much discriminative power as the old features that were based on words,
syllables, and syllable nuclei. With the new normalization, recognition results
could be improved for all prosodic events. Furthermore, the memory require-
ments could be reduced by 64% and computation times even by 92%.

In the experiments described in this paper, we have always used an entire
utterance for normalization, i.e. in Equation 1 interval I was always an entire
utterance. This is a disadvantage if long utterances have to be dealt with. In
further experiments we are going to investigate if smaller context sizes can be
used.
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