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Abstract

The performance of speech recognition systems often
deteriorate considerably with fast speech. Particularly when
the recognizer is run in mismatched conditions, e.g. fast
speech, the performance can be improved by properly
selecting one of the N-best recognition output hypotheses.
For the selection of the best hypothesis, different speech rate
measures were taken into account. First, to show the
potential of the speech rate as a selection criterion, an
“ideal” speech rate value is assumed, which is calculated
from the known transcription. Phoneme and vowel rate are
compared. Second, a phoneme recognizer is used to estimate
the speaking rates of unknown sentences. Tests on the
spontaneously spoken German Verbmobil material showed a
relative decrease of 6.6% in the word error rate for fast
speech, when taking the estimated vowel rate which is
almost as good as using the “ideal” vowel rate (relative
improvement of 7.64%). The most accurate match of N-best
output hypotheses shows that the word error rate could
ideally be decreased by 26.75%.

1. Introduction

The performance of a speaker-independent automatic speech
recognition system is dependent on the speech rate [1]. This
is pointed out in the following table, where the word error
rate for fast speech is clearly higher than for slow or average
speech.

Speech Rate slow average fast

WER [%] 24.2 33.8 44.4

Table 1: Word error rates (WER) for slow, average
and fast speech in percent (Verbmobil task)

On the one hand, this dependence is caused by the fact that
in many cases not enough speech data exist in the training
material for fast speech. On the other hand, the temporal and
spectral characteristics of speech, e.g. duration of vowels
(see Figure 1) or the position of formant frequencies [2]
change with varying speech rate.

There are different techniques to improve the recognition
performance for fast speech, for example the training of the

acoustic models for fast speech [3][4][11][12], or the
modeling of speech rate with additional output probabilities
attached to the transitions between states of Hidden Markov
Models [5]. Moreover speech rate dependent decision trees
can be constructed for improving the HMM discrimination
ability [8].
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Figure 1. Histogram of vowel duration for vowel /a/
as a function of the number of frames for slow,
average and fast speech.

A further new and simple method will be described in this
paper, namely the analysis of N-best output hypotheses by
taking the speech rate into account. This means, that not only
the best hypothesis but a list of the possible N-best
hypotheses will be produced by the recognizer. Using an
additional knowledge source, not yet integrated in the search
process, e.g. the speech rate, the N-best list is resorted and a
new hypothesis is then selected from the list.

In this study, we have examined the change of the
recognition performance for fast speech with a large
vocabulary continuous speech recognition system on the
evaluation set 1996 of the German Verbmobil spontaneous
scheduling task comprising 53 sentences classified as “fast”
[13].

2. Analysis of N-best output
hypotheses

The task of a speech recognizer is - generally - to find the
best word sequence for unknown speech data [6]. This task



Eurospeech 2001 - Scandinavia

is frequently carried out by using acoustic modeling to
determine the best phoneme sequence, while the best
hypotheses of words can be determined with the help of a
dictionary and a language model.

Using the analysis of N-best hypotheses (N-best
rescoring), which is described in this paper, the workload of
the recognizer in the selection of the best hypotheses can be
“lightened”, as the hypothesis which matches best to the
spoken utterance has not to be scored as the best one, but
must only be found in the N-best list. This approach is
especially helpful in “mismatched” conditions, 1i.e.
conditions which are not or not sufficiently represented
within the training material. This is normally true for fast
speech, as most databases do not contain large amounts of
fast speech material. Thus the integration of knowledge
about the speaking rate could be helpful for the analysis and
selection of N-best hypotheses.

Furthermore an N-best rescoring is suitable for
integrating knowledge sources in the decision process, which
are not available before the end of an utterance or for which
the integration into the search process is computationally
very expensive. The speaking rate can vary considerably
between different utterances of the same speaker or even
within one utterance. Therefore an analysis of N-best
hypotheses for fast speech is a suitable method, because at
the end of the utterance it is easier to obtain information
about the speaking rate. A post-selection can then be carried
out by taking the speech rate into account.

2.1. Most accurate match of N-best output hypotheses

In this section the potential of the N-best list rescoring
concerning the possibility of improving the recognition
performance is examined. For this purpose the word error
rate, which is the ideal criterion, is taken for the selection of
one hypothesis of the N-best recognition output hypotheses.
In this case the recognition result must be known in advance,
of course. This method is thus only suitable for recognition
performance analysis. All other methods which select a
definite hypothesis from the N-best list by using additional
information, can at best achieve the performance of the most
accurate match of N-best output hypotheses, i.e. the most
accurate match is an upper bound for all other methods.

Word Error Rate [%]
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Figure 2. Word error rates for the most accurate
match of different numbers of N-best hypotheses.

The results of our experiment for “fast™ speech are presented
in the Figure 2. It shows that by using this best selection
criterion the word error rate can be reduced by 12.33% at N-
best list length 200 (relative 27.78%).

In practice, the selection of the best hypothesis can not
be carried out using the reference (which is not known), but
some other supplementary information must be utilized. For
example, if some information about the speaking rate is
available, this information can be used as a criterion for N-
best list analysis. By comparing this information about the
speaking rate with the speaking rates of the different
hypotheses of the N-best list, the most suited hypothesis is
selected from the N-best list.

2.2. Computing speech rate from transcribed test data

In this section the use of the speech rate as a criterion for
rescoring N-best recognition output hypotheses is evaluated.
Therefore we first use an “ideal” speech rate estimator, i.e.
we extract the information about the speaking rate from the
transcription, to be able to assess the potential of this method
on fast speech. The procedure is now described in detail.

First, a list with the reference speech rates ROSref,ph
(reference Rate of Speech using phonemes) for the “fast”
sentences is created. The phoneme rate is taken as the
measure for the speech rate, which is calculated from the
number of phonemes in the transcription file and the number
of frames in the sentence. Second, a further list was created
including the N-best recognizer output hypotheses of a
determined sentence. The “recognized” speech rate
ROSrec,ph (recognized Rate of Speech using phonemes) for
each hypothesis is registered in this list. The ROSrec,ph is
calculated for a hypothesis using the number of phonemes in
the hypothesis and the number of frames of the sentence to
be recognized. The number of phonemes of each word can be
determined from the recognizer dictionary.
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Figure 3. Relative change in word error rate using
ROSref,ph as selection criterion for different
numbers of N-best output hypotheses.

The difference between the ROSref,ph and the ROSrec,ph is
taken as a criterion to select the hypothesis of the N-best
hypotheses list which shows the least difference. The
selection of the hypothesis was carried out for different N-
best list lengths. The results are summarized in Figure 3.
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As we can see in Figure 3, it is possible to achieve a
relative decrease in word error rate of 5.55% for the N-best
list length 15. This means that actually using this method
could not completely take advantage of the potential of the
most accurate match, however a relatively high decrease of
the recognition-error for “fast” speech could be achieved.

For an error analysis the changes in the number of
deletions, substitutions and insertions as a function of the N-
best list length are of particular interest. A closer look at
Figure 3 reveals that the word error rate can be decreased
efficiently using ROSref,ph. This fact confirms that the
consideration of the speech rate is advantageous for the
selection of the best hypothesis. The question is, why then
an optimal result (see 2.1) can not be achieved.
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Figure 4. Number of deletion errors (Del),
substitution errors (Sub) and insertion errors (Ins)
for different numbers of N-best output hypotheses.

Figure 4 shows that, in general, the number of deletions is
decreased from 122 to 89, while the number of insertions
only increases from 8 to 16 with increasing N-best list length
(from 1 to 200). The number of substitutions is actually
increased because the hypotheses are more suited to the
reference rate which is why they are preferred in the
selection. However they do not always contain the correct
words.

Additionally we want to consider a second speech rate
measure, the vowel rate. Equivalent to the phoneme rates the
speech rate ROSref,vow (reference Rate of Speech using
vowels) and ROSrec,vow (recognized Rate of Speech using

vowels) were calculated using the number of vowels instead
of the number of phonemes. The determined results can be
seen in Figure 5.

A relative decrease in word error rate of 7.64% with the
N-best list length 10 can be achieved. This is a slightly better
result compared to the use of the phoneme rate (5.55%
relative change, see Figure 3). Additionally this result is
more robust to variations of the N-best list length, since
comparable improvements can be achieved for N-best list
lengths from 8 to 20. For this reason the speech rate will be
calculated with the vowel method in the following procedure
(see 2.3).
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Figure 5. Relative change in word error rate using
ROSref,vow as selection criterion for different
numbers of N-best output hypotheses.

In practice, it is not possible to extract information from a
known transcription of the speech data file, as unknown
sentences are recognized. Nevertheless, there are different
procedures to measure the speech rate of speech data with
unknown content: e.g. the use of a phoneme recognizer,
vowel detector [7][9] or the use of energy based measures
[10].

2.3. Computing speech rate using a phoneme recognizer

To achieve an estimate of the speaking rate ROSest,vow
(estimated Rate of Speech using vowels) a phoneme
recognizer is used to produce a possible phoneme sequence
of the unknown utterance. The speech rate can then be
determined from the number of the vowels contained in this
phoneme sequence and from the number of the frames, as
described in section 2.2. This estimated speech rate is used
as the selection criterion for the N-best list rescoring
procedure, which therefore can be performed for unknown
speech data. The recognition of the phoneme sequence does,
however, contain mistakes and this will be also reflected in
the test results. The tests were again carried out with the 53
“fast™ speech sentences, as in the previous evaluations.
Figure 6 shows, that using ROSest,vow a relative
decrease in word error rate of 6.6% can be achieved with an
N-best list length of 10. This decrease is slightly higher
compared to the use of ROSref,ph and comparable to the
decrease achieved by using ROSref, vow, although ROSref,ph
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and ROSref,vow are calculated from the known transcription
while ROSest,vow is only an estimated speech rate.
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Figure 6. Relative change in word error rate using
ROSestvow as selection criterion for different
numbers of N-best output hypotheses.

3.  Summary

The analysis of N-best output recognition hypotheses of a
large vocabulary continuous speech recognition system has a
lot of potential, particularly in mismatched conditions like
e.g. “fast” speech. A possible selection criterion for a post
evaluation of the recognized output hypotheses is the speech
rate.

Different measures of the speaking rate were used as
selection criteria. First, using “ideal” speech rate estimates,
determined from the transcription relative improvements of
5.55% respectively 7.64% were achieved with phoneme and
vowel rate. Second, the use of an estimated vowel rate
basing on phoneme recognition was performed. This method
reduced the word error rate of the speech recognizer for fast
speech by relatively 6.6%. However, to be able to achieve
the ideal most accurate match of N-best output hypotheses
(27.78% relative change), further methods have to be
investigated.
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