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ABSTRACT

We report on ufterance verification of puta-
tive recognitions in both open-set and closed-set
recognition tasks using telephone speech. For
open-set recognition, we report on rejection of
out-of-vocabulary utterances. In a two-keyword
task (“male” and “female”) using 50% out-of-
vocabulary utterances, utterance verification re-
duced errors by 60%, from 12% to 4.8% com-
pared to our baseline rejection strategy. For
closed-set recognition, we report on re-ordering
the N-best hypotheses. In a 58-phrase task, ut-
terance verification reduced closed-set recogni-
tion errors by 30%, from 6.5% to 4.5%.

1. INTRODUCTION

Recognition based on the combination of pho-
netic likelihoods from short fixed-width frames
is the dominate paradigm for speech recogni-
tion systems. While this approach has numer-
ous advantages, it is reasonable to think that
better word-level recognition is possible using
whole-word classifiers. Building such recognizers
presents a number of difficulties, such as finding
word boundaries before performing the classifi-
cation, and collecting enough data to train the
classifiers.

In this paper we report results on experiments
with a two-pass strategy. The first pass uses a
frame-based recognizer. The output is the rec-
ognized word (putative hit) or a list of the top N
recognized words, along with the phonetic seg-
mentation derived from backtrace information.
This effectively solves the segmentation problem.
For our experiments, ample training data was
available for the entire vocabulary.

*This research was supported in part by a National
Science Foundation Graduate Fellowship, and grants from
U S WEST, the Office of Naval Research, NSF and ARPA.

EUROSPEECH ’95, Madrid, Spain, September 1995

Given a putative match between a test utter-
ance and a reference phrase, we verify (i.e. con-
firm or deny) this match using word-specific clas-
sifiers. These are neural networks with input fea-
tures describing the whole word. Combining re-
classificatiion with an N-best recognizer allows
us to improve recognition accuracy if the utter-
ance verification score is more reliable than the
initial recognition score. We can also reject out-
of-vocabulary utterances by rejecting the entire
set of top-scoring matches from the N-best list.

This paper extends prior work at the Center
for Spoken Language Understanding (CSLU) on
two-pass Alphabet recognition [1]. In the al-
phabet system, the frame-based first pass pro-
vides letter and broad-phonetic boundaries. The
second pass uses an extensive set of knowledge-
based features specifically designed for the al-
phabet. The second-pass classifier has 27 out-
puts: the 26 letters and an output for “not a
letter” which was trained on false positives from
the first pass in a development set (mostly noise,
not extraneous speech). The second pass yielded
much better recognition than we could achieve
with a frame-based recognizer alone. The work
presented here differs in several ways: the classi-
fiers are word specific, so there are two outputs:
word and not-word. This contrasts with having
the whole vocabulary in a single network. Also,
the feature set is generic and not based on careful
study of the vocabulary.

Our work also extends that of Mathan and
Miclet [2]. They used word-specific neural net-
works to reclassify putative hits in an isolated
word recognizer. Their feature vector included
duration, average energy and the average first
Mel frequency coefficient for each segment in the
trace of the first-pass recognition as input fea-
tures. We extend this work by examining a vari-
ety of feature bundles, and by combining reclas-
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sification with an N-best search list to improve
keyword recognition accuracy.

In all our experiments, telephone speech was
used. The speech was digitally sampled at 8000
Hz. For all our corpora, calls are serially num-
bered as they arrive, and are apportioned into
training (60%), development test (20%), and fi-
nal test (20%) sets according to the last digit of
the serial number.

2. THE FRAME-BASED
CLASSIFIER

For both experiments, the first pass is a frame-
based classifier which uses a neural network to
estimate phoneme probabilities. Speech analy-
sis is seventh order Perceptual Linear Prediction
(PLP) analysis [3], which yields eight coefficients
per frame including energy. The analysis win-
dow is 10 msec and the frame increment is 6
msec. The inputs to the neural network are 56
PLP coeflicients from a 160msec window around
the frame to be classified. The outputs of the
network correspond to the phonetic units of the
task. For the male/female task the net has only
six outputs. For the 58-word task, we used a
context-dependent net with sub-phoneme units
[4] and there were several hundred outputs.

The best alignment of a vocabulary word
with the neural network probability estimates
is found using a Viterbi search. Background
sounds are modeled with a simple garbage
model [5] which increases robustness and pro-
vides some wordspotting ability. This makes out-
of-vocabulary rejection more difficult, as the vo-
cabulary word need only align with part of the
extraneous speech.

3. OUT-OF-VOCABULARY
REJECTION

Our first experiment sought to identify and re-
ject out-of-vocabulary utterances using a second-
pass, whole-word classifier. The task was gen-
der recognition which consisted of two words:
“male” and “female.” This is an easy task for
which the frame based classifier does very well,
but it is fairly difficult for rejection because the
target words are so short.

All speech data in this experiment are from
the OGI Census corpus [6]. We used gender ut-
terances and last name utterances. The gender
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utterances consist of more than 2000 responses
to the prompt “What is your sex, male or fe-
male?” Of these, roughly 70% were the word
“female” (including a few examples spoken by
males!) and 30% were the word “male.” The
last name utterances consist of responses to the
prompt “Please say your last name.”

3.1. Baseline System

The baseline system was a frame-based neural
network recognizer for the two words “male”
and “female.” This recognizer was developed
for and used in the OGI Census system [7].
When in-vocabulary utterances are used, the
baseline system’s accuracy is 99.5%. To detect
low-confidence recognitions, the baseline system
takes the ratio of the top two recognizer scores,
and compares this to an optimized threshold.

3.2. Second Pass Rejection

Our approach is to take the Viterbi backtrace to
identify the start and end times for each phoneme
of the putative utterance. We then collect fea-
tures based on this time alignment, and use them
to train two new networks (one each for “male”
and “female”). The new networks produce two
outputs: “confirm” and “deny.”

The training set contained as many negative
examples as positive. The Census corpus con-
tained very few extraneous utterances, so we ran
the male-female recognizer on the Census corpus
of last names (family surnames), forcing each to
be recognized as “male” or “female,” and used
these as negative inputs for training and testing.

The “female” utterance verifier was trained us-
ing 2000 examples, and (due to less available
data) the “male” utterance verifier was trained
using 1400 examples. In each case half of the
training examples represented correct putative
hits (drawn from the gender corpus) and half
represented incorrect putative hits (drawn from
the last name corpus). Similarly, half of the
test set was “male” or “female” and half was
last names. Using the Viterbi backtrace from
the first-pass recognition, we identified word and
phoneme boundaries (three phonemes for “male”
and five for “female”). We then looked at the fol-
lowing feature combinations:

1. [du] Phoneme durations alone.

1068



2. [en] Phoneme center-frame energy alone.

3. [du.en.4+] Phoneme durations, phoneme
center-frame energies, plus the energy in the
frame 50 msec before and the frame 50 msec
after the word.

4. [du.10p] Phoneme durations plus PLP
from ten frames located at 5%, 15%, 25%,
..., and 95% across the word.

5. [du.5p] Phoneme durations plus PLP from
five frames located at 5%, 25%, 45%, 65%,
and 85% across the word.

6. [du.sp.+] Phoneme durations, PLP from
the center-frame of each phoneme, plus the
PLP from the frame 50 msec before and the
frame 50 msec after the word.

3.3. Results

Setting the rejection threshold for the best over-
all performance on a development set which had
an equal number of examples of in-vocabulary
and out-of-vocabulary speech, the best we could
do with the baseline system was 88% overall.

All but one of the feature sets used for sec-
ond pass classification scored better. Phoneme
durations alone [du], a very small number of in-
put features, do quite well. Durations and ener-
gies [du.en.+] scored about the same as durations
alone. Energies alone [en] scored much worse. As
expected, durations plus PLP from the center of
each phoneme [du.sp.+] scored best. Sampling
PLP equally across the word [du.10p| [du.5p] did
not work as well as using the phonetic boundaries
from the first pass.

The following table shows the utterance verifi-
cation accuracy for each of the six feature vector
sets, for each of the two keywords. An overall
(weighted) average is also shown, and this is com-
pared to the baseline accuracy of 88% to give a
measure of error reduction.

Results overall | gain
1. du .928 .400
2. en 803 | (.642)
3. du.en.+ | .927 .392
4. du.10p 941 .508
5. du.5p .926 .383
6. dusp.+ | .952 .600

In each case, putative hits for “female” were re-
classified more accurately than those for “male.”
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This may be due to the smaller training set for
“male” or because there are fewer phonemes on
which to base a decision.

4. IMPROVED CLOSED-SET
RECOGNITION

In our second experiment, we used reclassifica-
tion to re-order an N-best hypothesis list in or-
der to improve recognition accuracy. The closed
set consisted of 58 words and phrases in the tele-
phone services domain. Phrases varied in length
from two to twenty-three plionemes. Our task
was to reclassify the top three choices and possi-
bly change the identity of the recognized utter-
ance.

More than 1000 callers said each of the 58 tar-
get words or phrases. Each utterance was veri-
fied by a human listener, and mistakes (for exam-
ple, the wrong phrase or a partial phrase) were
deleted from the corpus. There was no extrane-
ous speech.

4.1. Baseline System

The baseline system was a frame based neu-
ral network classifier plus Viterbi search. Left
and right context dependent modeling, with cat-
egories chosen specifically for this vocabulary, re-
sulted in over 500 outputs. Each base phoneme
was divided into three parts: left-context depen-
dent, center, and right-context dependent. Us-
ing only in-vocabulary test utterances, with each
of the 58 phrases equally likely, the accuracy is
93.5%. When there is an error, the correct phrase
is often near the top of the N-best list. This is
what prompted us to try a second pass classifier.

4.2. Second Pass Rescoring

We trained a neural network for each of the 58
keywords using a subset of the data. An equal
number of positive and negative examples were
used for each. Negative examples were chosen
from the utterances for which the target word
appeared high in the N-best list (i.e. we selected
the more easily confused utterances from within
the 58-word vocabulary).

Using our experience from the first experi-
ment, we based our feature vector on the seg-
mentation from the Viterbi backtrace on each
putative hit in the N-best list. The following
features were used for utterance verification:
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e The average per-frame Viterbi score for the
entire word (from the first pass recognizer).

e The average per-frame Viterbi score for each
sub-phonetic segment.

e The duration of each sub-phonetic segment.

e The PLP from the center of the middle
(context-independent) segments.

e The PLP from the frame 50 msec before and
the frame 50 msec after the word.

By reviewing the development test scores, a
manually optimized threshold was developed to
select the best match from the reclassification
scores of the top three outputs of the N-best clas-
sification: If scores one and two were both below
0.1, and score three was above 0.5, then the third
match was selected (this was rare). Otherwise, if
score two was 1.7 times greater than score one,
the second match was selected. -Otherwise the
first match was selected.

4.3. Results

On the final test set, the error rate without ut-
terance verification was 6.5%. The verification
step error rate was 4.5%, which is a 30% im-
provement. It is interesting to note that when an
early version of the first-pass recognizer was be-
low 90% accuracy, the verification improved the
performance to about 95%. As the first pass im-
pro.ved7 the net result after the verification held
steady.

5. CONCLUSIONS

Word-based reclassification showed promise in
both experiments. For rejection, it worked bet-
ter than our default scheme of using ratios. Al-
though the default was no doubt not the best
possible one-pass rejection strategy, the sec-
ond pass could probably be improved as well.
For example, (in the first experiment) no fea-
tures based on the phonetic probabilities from
the first pass were used. The biggest draw-
back of this approach is the large amount of
training data needed to build the classifiers.
It is possible to formulate word acceptance as
a vocabulary-independent classification problem
based on features sets which can be defined for
any word. This will be investigated in the fu-
ture. Vocabulary-specific reclassification will be
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reserved for special applications such as number
recognition.
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