10.21437 /Eurospeech.1995-504

ISCA Archive

http://www.isca-speech.org/archive

4™ Eyropean Conference on
Speech Communication and Technology
EUROSPEECH 95
Madrid, Spain, September 18-21, 1995

DETECTION OF UNKNOWN WORDS AND ITS
EVALUATION*

A. Jusek, G.A. Fink, F. Kummert, H. Rautenstrauch, G. Sagerer

Technische Fakultat, AG Angewandte Informatik
Universitat Bielefeld
Postfach 100131, 33501 Bielefeld, Germany
e-mail: andreas@techfak.uni-bielefeld.de

ABSTRACT

Especially in recognition of spontaneous speech
it is necessary to be able to cope with the oc-
curance of unknown words. We present an ap-
proach to unknown word detection integrated
with speech recognition. Though several sche-
mes exist for the evaluation of detection algo-
rithms all suffer from some deficiencies. There-
fore, we also present a new evaluation measure
called detection accuracy which is similar to the
widely accepted word accuracy. We applied this
measure to the evaluation of our approach on a
large spontaneous speech recognition task from
the German Verbmobil project.

1 INTRODUCTION

In the task of automatic speech-recognition one
major problem is, that only a certain limited
vocabulary, e.g. 3000 words, is available to the
recognizer. If a user speaks a word, that is not
among those known words, erroneous recogni-
tion results will be produced. To avoid this
some approaches have been developed recently
for the detection of unknown words [1, 9]. For
instance unknown words were modeled as a se-
quence of so called garbage models. They were
generated as the average of all used phonemes.
In our approach, which will be outlined below,
a special acoustic model for unknown words is
integrated into the lexicon of the recognizer.
However, the evaluation of detection results is
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a difficult task. Several measures exist that —
in our opinion — do not allow to reliably judge
the quality of a detection algorithm. One al-
ways has to balance e.g. between the detection
rate and the false alarm rate or a similar pair of
measures. Therefore, we developed an expres-
sive measure which we used for the evaluation
of our results produced on a large spontaneous
speech recognition task from the German Verb-
mobil project. This measure reflects the detec-
tion quality in just one number.

2 DETECTION OF UNKNOWN
WORDS

The phonotactics of a language describes the
combinatorial possibilities of building syllables
from phonemes and words from syllables. In
German a syllable consists at least of a central
vowel or diphtong. The consonants can either
be omitted or must fulfil the phonotactic re-
strictions to build a valid syllable. Two types
of syllables — reduced and non-reduced ones
— can be distinguished. In reduced syllables
short consonant clusters are grouped around a
nucleus that can also be a neutral vowel. We
used the phonotactic rules given in [3] to con-
struct a generic model for the two German syl-
lable types. As an example Figure 1 shows the
transition network for the reduced syllable.

In order to detect unknown words we used this
model to build a generic structure of an arbi-
trary German word. This model was added to
the recognizer’s lexicon. A model restricted in
length to up to four syllables gave the best re-
sults. To discriminate the model for unknown
words from known words, it was built from
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Figure 1: Phonotactic network for the reduced syllable

phonemes which do not depend on the speech
context, while the known words are built from
context-dependent phoneme models. For that
reason they fit better on a known pattern than
the model for unknown words. In contrast,
on unknown speech patterns the model for un-
known words should score better than all other
word models. In order to balance finer between
the different scoring of known and unknown
word models we introduced a bias term. It is a
framewise offset added to the emission proba-
bilities of the unknown word model that has to
be optimized with respect to the acoustic mod-
eling and the recognition tasks.

3 EVALUATION OF UNKNOWN
WORD DETECTION

In the literature several measures for the evalu-
ation of the detection of unknown words (UW)
are used. In [1] the detection rate is the percent-
age of correctly detected unknown words rela-
tive to the total number of unknown words. Ad-
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ditionally, the false alarm rate is the percentage
of sentences with incorrectly detected unknown
words relative to the total number of sentences.
For key word spotting the false alarm rate is
defined as the nuinber of wrongly detected key
words (or unknown words) per hour of speech
[10]. This measure is calculated for every key
word separately. Another possible definition for
the false alarm rate is the ratio of incorrectly de-
tected unknown words to the number of known
words. To reflect the false alarms, in [2] the pre-
cision rate is defined to be the ratio of correctly
detected unknown words to the sum of correctly
and incorrectly detected unknown words.

The application of these measures causes the
following problems:

e The results of different systems are of-
ten not comparable because different mea-
sures are used.

e For the evaluation, two measures are nec-
essary, namely the detection rate and the
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false alarm rate or the precision rate.
Therefore, it is difficult to decide if a sys-
temn is better with high detection rate and
high false alarms or with lower detection
rate but also lower false alarms.

To avoid these problems, we propose a new uni-
fied measure which reflects the detection rate
and the false alarms in one number. As it is
similar to the word accuracy, we call this mea-
sure detection accuracy (DA). It is defined as':

100 % (# CDUW - # IDUW)

DA
# UW in the test set
CDUW = correctly detected unknown words
IDUW = incorrectly detected unknown words

The detection accuracy is 100% if all unknown
words are detected and no false alarms were
made. On the other hand, the detection accu-
racy is negative if more false alarms than correct
detections are produced.

One short example will clarify this new mea-
sure. If for the following utterance containing
two unknown names

hello my name is UW can I speak to Mr UW
the following recognition result was produced
UW my UW is UW can I speak to my wife

then after the optimal alignement one unknown
word was detected correctly and two incorrect
detections were made. Therefore, the detection
accuracy is:

100 # (1 - 2)
2
Analogously, the detection accuracy can be cal-
culated for word graphs. As described in [5] the
best fitting path through the word graph is the
basis for the calculation of the word accuracy.
This path will also be used for the calculation

of the detection accuracy.

Just as the word accuracy which is only mean-
ingful in connection with the perplexity of the
recognition task, the detection accuracy has al-
ways to be considered together with the ratio
of known to unknown words to guarantee com-
parable results.

DA = = —-50%

tThis measure is the official evaluation criterion in
the (German research project Verbmobil.
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4 RESULTS

Our corpus consists of spontaneous German
speech data of several different dialects recorded
for the Verbmobil project at four different sites.
Feature vectors consist of twelve Mel-Cepstral
coeflicients, a normalized energy coefficient, and
the first and second smoothed derivatives of
these features. We used semi-continuous Hidden-
Markov-models with a code book of 220 gaus-
sian mixtures.

Our training-corpus consisted of 4580 turns of
more than 100 speakers, in total about ten hours
of speech. Besides the regular words we mod-
eled hesitations, human and non-human noises.
Context-sensitive phoneme models called poly-
phones [7] were used as subword units.

For speech recognition we used a flexible HMM-
based incremental speech-recognizer [6] based
on the ISADORA system [8]. Our tests were
carried out on the official Verbmobil 1995
evaluation corpus. It consists of 331 turns of 68
different speakers, all in all about 46 minutes of
speech. The recognition lexicon contained 3304
words plus the models for unknown words, hes-
itations, noises, etc. The test set contained 3.5
percent of unknown words not covered by the
recognition lexicon.

For the tests with a language model we used
the official Verbmobil bigram language-model
provided by Philips speech research lab. The
test set perplexity (TPP) according to this lan-
guage model ist 107. Our recognition system
produces word graphs with a perplexity from
2.6 to 3.1. The perplexity of a word graph is
calculated analogously to a finite state automa-
ton [4, p.98f] with equal state and transition
probabilities. The main characteristics of our
word graphs compared to similar approaches is
that they are generated incrementally [6)].
Table 1 shows our results on different exper-
iments. For each experiment we present the
word accuracy (WA), the words correct ratio
(WC), the detection accuracy (DA), the detec-
tions correct ratio for unknown words (DC) and
the false alarm rate (FA).

When using no language model the overall recog-
nition accuracy is improved sligthly by the in-
corporation of an unknown word model. Also
the detection accuracy is highest for this exper-
iment. Though the language model improves
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{ experiment H WA [ WC | DA l DC l FA I TPP l
no LM and without UW model 40.1 1404 | - - - | 3304
no LM but with UW model 42.1142.3123.11]2691} 3.8 3304
with LM and without UW model || 57.4 | 57.8 | - - - 107
with LM and UW model 57.0 | 57.4 | 18.7 | 23.5 | 4.8 | 107

Table 1: Recognition results

the recognition accuracy the reduced detection
accuracy might suggest that the treatment of
unknown words within the bigram model could
be improved.

5 CONCLUSION

We presented an integrated approach to the de-

tection of unknown words in spontaneous speech.

The quality of results was judged according to a
new and ridgid evaluation measure called detec-
tion accuracy. Its advantage is to combine the
pair of measures traditionally used and to al-
low an easy comparison of different approaches
to unknown word detection. The results on
the official German Verbmobil evaluation task
1995 show that even under extremely difficult
conditions the goal of detecting a significant
percentage of unknown words reliably could be
achieved.
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