
ProsAlign - The Automati

Norbert Braunsch

∗ Institute of Natural Language
Azenbergstr.12, 70174 Stutt

norbert.braunschweiler@ims.

ABSTRACT

A computer program (ProsAlign) is presented that
detects prosodic events in a given speech file. The
prosodic events are pitch accents and boundary tones
according to an underlying phonological model of into-
national structure (ToBI). Therefore the program for-
mulates an explicit way of how to map an acoustic
representation of prosody up to an abstract, discrete
representation of its underlying prosodic structure as
represented by phonological tones. Both bottom-up
and top-down processing steps are integrated. Con-
cept and performance of the program is reported in
this paper.

1 INTRODUCTION

The process of information extraction from acoustic
speech signals involves not only the recognition of seg-
mental features, phonemes, syllables or words and sub-
sequent processing, but also the recognition of prosodic
events, including the position of accented words, the
type of pitch movement associated with them, the gen-
eral course of pitch and also the grouping of informa-
tion units, phrases or words. These prosodic events
are important conveyors of the information structure
of utterances. In this paper an approach is presented
that formulates an explicit way of how to map from
continuous acoustic parameters to discrete and ab-
stract phonological entities. The method is imple-
mented in a computer program called ProsAlign (Au-
tomatic Prosodic Aligner) and uses a linguistic theory
of the underlying structure of prosody in speech (ToBI
model) [1].

ProsAlign is intended to serve as a tool for the linguist
who wants to work with prosodically labeled speech
material. Such material may be helpful for basic re-
search purposes as well as for improving speech synthe-
ses techniques (especially for unit selection approaches)
or speech recognition performance.

This paper is structured as follows: first, the concept
and development of a new approach to the automatic
detection of prosodic cues is described; second, the im-
plementation of the program is explained; and third,
its evaluation is presented.
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HE CONCEPT OF PROSALIGN

concept of the program integrates both bottom-
d top-down processing in order to account for the
ariability in acoustic data. Bottom-up processing
ended to reflect the ability to discriminate differ-
in the acoustic input parameters represented by
mental frequency (F0), and root mean squared
itude (RMS), and voicing. F0 represents the fre-
y of oscillations of the vocal folds and is the most

rtant acoustic correlate of perceived pitch. RMS
itude is a rough estimate of perceived loudness.
own processing is inspired by the structuring in-

ce of phonological knowledge upon acoustic fea-
. Figure 1 depicts the taskflow in ProsAlign.

technique maps acoustic feature bundles to
dic labels by inspecting the course of F0 and
combined with a subsequent phonological filter.
ystem works without any pre-segmentation of the
h waveform and does not use HMM techniques.
program steps linearly through the F0 track and
es relative comparisons only within a defined anal-
indow. Furthermore, the program is designed to
ss speech coming from different speakers, i.e. it
d be speaker independent as well as language in-
dent and fairly robust against different recording
tions.

Acoustic Speech Signal

F0, RMS, Voicing

Features of F0 & RMS 

Phonological Mapping

Pitch Accts & Bound. Tones

re 1: Outline of the model underlying ProsAlign.



3 THE IMPLEMENTATION OF
PROSALIGN

3.1 Acoustic features
Since pitch accents are usually described only quali-
tatively in phonological textbooks (see e.g. the defi-
nition of pitch accent in [2], p.45-46), an analysis of
acoustic features of pitch accents and boundary tones
was conducted. To form initially an idea about types
and number of acoustic features needed for an auto-
matic detection of tones, a manually labeled corpus
was taken as a starting point. First experiments were
carried out on German speech material, therefore, the
German adaptation of the ToBI model, GToBI and
its accompanying [3] training corpus was used. This
corpus was chosen because it has the advantages of
providing a reasonable number of examples for each
tone postulated in the underlying phonological model
as well as the acoustic material along with the prosodic
label files. The inventory of pitch accents and bound-
ary tones in GToBI is as follows: 6 pitch accents (H*,
L+H*, H+!H*, L*, L*+H, H+L*), 2 phrase accents
(L-, H-), and 2 boundary tones (L%, H%).

A program was designed in order to acquire quantita-
tive acoustic criteria of each tone. As a starting point,
and because there where no obvious answers to these
questions, it was decided to analyze the manually la-
beled pitch accents and boundary tones in the GToBI
corpus with respect to the following criteria:

(i) duration of increasing or decreasing parts of
F0 and RMS before and after tone location
(F0in/deB/A and RMSin/deB/A)

(ii) size of F0 and RMS increase or decrease be-
fore and after tone location (AF0in/deB/A and
ARMin/deB/A)

(iii) duration of voiced or voiceless parts before or
after tone location (Voic/VoilB/A)

The resulting 20 parameters are illustrated in figure 2.
Idealized F0 and RMS tracks are used to show the value
of each parameter. The parameters are presented be-
low the chart. Point t0 represents the position of pitch
accents or boundary tones and individual parameter
values are always calculated relative to this starting
point as depicted.

3.2 RESULTS
Each manually labeled tone was analyzed with respect
to the above-mentioned parameters within an interval
of ± 400 ms around its labeled position. The decision
for this window was based on a first inspection of pitch
accents and boundary tones and seemed to be a rea-
sonable analysis frame for covering enough contextual
material for the selection of acoustic features.

Since the parameter values are given every 10 ms, al-
ways the number of values (frames) starting from point
t0 are calculated that represents the location of a pitch
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re 2: Illustration of 20 acoustic parameters chosen
for the analysis of pitch accents and boundary
tones. F0 and RMS tracks are idealized. Point
t0 represents the location of pitch accents and
boundary tones and all parameter values are
calculated relative to it.

t or boundary tone. A segment of the results is
rated in table 1.

esults of the parameter analysis showed that the
n criteria only partly captured the acoustic differ-
between individual pitch accents and boundary

. In particular, estimations of increases and de-
es in the course of F0 were unsatisfactory.

estimating F0 movements for automatic detec-
purposes it is very important to provide means
liable estimations. Otherwise the basic question
her or not a given movement is perceptually im-
nt cannot be reliably answered. At this point it
ential to take microprosodic effects into account
ll as knowledge about possible errors in the au-
tically generated F0 track. Microprosodic influ-
result from perturbations of the glottal signal at

itions between voiced and unvoiced segments and
versa. F0 values are wrong as a result of erro-
estimations about possible oscillation periods in

aveform often as consequence of laryngealizations
or signal quality. Pitch doubling or halving errors
pical examples [4].

consequence of these drawbacks additional param-
were introduced. Altogether 74 acoustic param-
are used in ProsAlign, and estimations of faulty
ll as microprosodically affected F0 values form an
rated part of the algorithm. One of the parame-
hat allowed a much better estimation of increases
ecreases in F0 was a criterion that allows a lim-
umber of outliers from a general increase or de-

e. Visual control of the algorithms performance
med its efficiency. For more information on these
eters see [5].



Tone H* (51) L+H* (25) L* (11)

Md SD Md SD Md SD

F0inB 3 (4) 8 (4) 1 (3)

F0deB 0 (1) 0 (0) 0 (3)

F0deA 0 (4) 0 (5) 0 (1)

F0inA 1 (3) 1 (2) 9 (8)

Table 1: Median values (Md) and standard deviations
(SD) for selected acoustic features of H*, L+H*,
and L* tones in the GToBI training material.

3.3 IMPLEMENTATION
Input to the program consists of a structured file with
values for F0, voicing and RMS extracted in 10 ms
steps from the input speech file. Currently the output
of the ESPS/waves F0 tracker get f0 is used but other
algorithms may be used as well. The values of the 3
parameters are then processed by the acoustic feature
detector, which extracts 74 acoustic features.

The resulting acoustic feature vectors are subsequently
evaluated by a scoring system that assigns positive
scores to feature values that have been previously iden-
tified as supporting the existence of a specific pitch
accent or boundary tone, and negative scores for con-
stellations that do not support them. The latter step
integrates both expert knowledge as well as the results
of the parameter analysis of manually labeled tones.
Finally, the resulting score is evaluated by the phono-
logical module that selects pitch accents and bound-
ary tones based on the combination of sequence re-
strictions and scores (see taskflow in fig. 1). There-
fore, a considerable amount of work within the algo-
rithm is performed by phonological top-down process-
ing. Hence both bottom-up and top-down processing
are integrated in the ProsAlign program. The result is
written to a label file that includes type and position
of pitch accent or boundary tone and may be viewed
time-aligned with the speech signal and F0 track (see
figure 3).

ProsAlign

Du hast keine Goldmine

L+H* H* L*+H H− H%

!H− H%H*L+H* <<

Figure 3: Illustration of ProsAlign output. The manu-
ally produced label file is shown below the one
produced by ProsAlign. Example ”goldmine”
taken from GToBI training material [3].
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4 EVALUATION

der to get an estimation of the program’s perfor-
e an evaluation was conducted. However, eval-
g the output of an automatic prosodic aligner is
llenge. At first glance, the obvious evaluation
od is to use a manually annotated corpus as a
nce and to compare the automatically generated
files with the corresponding manually ones. How-
there are a number of problematic aspects when
so. One of the main issues here is that there are

reements between different human labelers about
osition and type of labels. In order to circumvent
roblem it was decided to take the GToBI training
s as basis. Although the corpus served as input
arameter estimations during the development of
lign it should be possible to estimate the pro-

s performance, especially the number of matches
nsertions. Since the corpus is intended to serve
training corpus, one can expect the examples to
sent generally agreed cases of the individual pitch
ts and boundary tones. However, it has to be
ioned that this corpus includes a diverse set of
h material consisting of utterances from different
ers, including several different speaking styles,
al recording levels, background noises, and even

-talk.

2 shows a segment of the results of the eval-
n. A total of 40 files was processed including
one labels in the manually labeled set (column
”), whereas the total number of automatically
ced labels was 215 (column “aut”). The next
umns present the numbers of perfect matches
f”), partial matches (“part”), insertions (“insn”),
ismatches (“mism”), respectively. The last col-

shows the missing tones (“misg”). The last row
s the relative percentage of each column when tak-
he total number of automatically detected tones
0% reference (except for the insertions, where the
er of manually detected tones is the 100% refer-
.

# tones # tones from auto

man aut perf part insn mism misg

st 3 5 2 0 3 0 0

e 2 2 2 0 0 0 0

4 6 6 2 2 2 0 2

... ... ... ... ... ... ...

40 175 215 92 27 84 12 44

t 100 43% 13% 39% 6% 25%

e 2: Segment of the evaluation results of ProsAlign
for the GToBI corpus.

setting the number of automatically established
as 100% reference level, the percentage of per-
atches is 43% and the number of partial matches
. This means that 43 + 13 = 56% of the man-

established labels are detected by the algorithm,
ugh not all of them perfectly. The number of in-



sertions is 39% from the 215 automatically set labels,
indicating that the algorithm labels much more into-
national events than the human labelers do. However,
this number as well as the number of missing tones (to-
tal number: 44 = 25% of all manually labeled tones)
has to be evaluated with respect to the general prob-
lem of correspondency between different human label-
ers. It is an everyday experience in prosodic research
that there are often large differences between human
labelers when labeling one and the same speech ma-
terial, especially for tonal identity. Transcribers often
”agree very well on whether or not a word is promi-
nent or whether or not a phrase boundary follows it,
they often do not agree on the identity of the specific
tone involved. Manually labeled speech corpora may
not be sufficiently consistent for successful training or
modeling for recognition or TTS systems.” ([6], p. 4)

The number of mismatches that the program produces
is very small. Only 12 labels out of 215 (6%) are mis-
matches. A closer look reveals that the main source
of these mismatches results from boundary tone mis-
matches (8 out of 47) and not from pitch accent mis-
matches (4 out of 168). This indicates that the into-
nation phrase final F0 movements are more often mis-
leading probably as a result of final laryngealizations.
Therefore, the procedure chosen to detect such cases
still appears to be incomplete.

The results show that there is not a significant number
of mismatches between human and automatic labels.
ProsAlign covers at least 56% of the manually estab-
lished labels. Important is the observation that when
we look at the automatically produced labels and find
that the labels are most often set at reasonable posi-
tions and very seldom in positions that do not make
sense.

5 CONCLUSION

The evaluation of the ProsAlign algorithm showed its
performance characteristics: high pitch accents are de-
tected fairly well, whereas low pitch accents and es-
pecially high boundary tones are detected less reliably.
L-L% boundary tones are detected fairly well, although
there is still room for improvement.

Despite the fact that ProsAlign’s ability to detect pitch
accents and boundary tones does not reach the per-
formance of human labelers it is nevertheless useable
and a valuable tool for speech processing. The vi-
sual inspection of the automatically produced labels
shows generally good accuracy. Automatically pro-
duced pitch accent labeles are most often at positions
that are interpretable as possible positions of pitch ac-
cents, the same holds for positions of boundary tone
labels. Whenever there is a need for more refined re-
sults the algorithm may be used in a semi-automatic
way by applying manual corrections after the program
has been processed the data.

However, a number of mismatches in the boundary
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class indicates that there are still problems with
ct to the detection of erroneous F0 values at in-
ion phrase final positions. This point is certainly
ed of improvement. Problems with the decision
en low or high boundary tones could be circum-
d by using just ’%’ in ambiguous cases and using
oncrete labels only in more obvious cases. Never-
ss, the overall performance qualifies the program
usable automatic prosodic labeler for linguistic
as well as an interesting research tool for study-
coustic features of (phonological) pitch accents.
over, the method models in detail the way from
tic speech signals up to perception. Poor detec-
results for certain tone categories also indicate
there could be arguments for a reduction of the
er of pitch accents and boundary tones in the

rlying phonological model (e.g. H+L*).

l experiments on American English ToBI cor-
ndicate similar results as for the GToBI corpus.
American English ToBI system does not include
+L* and therefore the set of pitch accents was

ted in ProsAlign. The same procedure should be
to handle other languages, i.e. adaptation of the
rlying phonological tones but no adaptation of the
tic feature detector. Whether the last hypotheses
has to be shown on further speech material from
languages. An indication for language or even
er specific acoustic cues comes from bad recog-
results for low pitch accents and a number of

ng boundary tones in the American English cor-

nclusion ProsAlign showed encouraging results for
diverse speech material consisting of utterances
different languages, different speakers (male and
e), and a number of other changing conditions.
obustness of ProsAlign against this changing con-
s shows the power of its underlying method. Im-
nt aspects of the work include integration and
ation of linguistic theory and quantitative acous-
odeling.
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