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ABSTRACT

This paper describes the techniques for non-keyword
modeling and rejection in a Korean keyword spotting
system based on continuous hidden Markov models
(CHMM). For non-keyword modeling, we propose a
filler model which remains in the optimum path for
minimum duration. It consists of several states which
share an identical output probability distribution
function and the number of states is the same as that of
the minimum duration. Also, we investigate the
performance of the proposed filler model focused on
both reducing the computational complexity and
improving the detection rate. In order to reject false
alarms, we introduce false models similar to keyword
models and employ them to determine the existence of
the keyword embedded in the utterance in post
processing stage. The experimental results showed that
our new filler requires lower computational complexity
while it provides slightly better performance than
monophone fillers. Also, the false models rejected 75
false alarms out of 100 at 5.9 false alarms per keyword
per hour resulting in 79.1 % detection rate.

Keywords: rejection, continuous hidden Markov model,
filler, false alarms, detection rate.

1. INTRODUCTION

In a word spotting system, which detects a
predefined set of vocabulary words in unconstrained
utterances, it is important to model the out-of-
vocabulary to discriminate the keywords from the non-
keywords [1]. The model for representing the non-
keyword or out-of-vocabulary is called “filler” [1]. So
far, many types of filler models such as word models
[2], context dependent {2,3] and independent phone
models {2], and random speech models [2,4,5] have
been suggested and investigated to improve the
performance of the word spotting system.

Using word models for fillers in a word spotiing
system raises two kinds of considerations. One is the
size of the vocabulary for non-keyword models, the
other is the use of language models. It is natural that the
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performance of a word spotting system be improved as
the number of the non-keyword models increases,
although the word spotting system becomes more
complicated. One can choose a set of non-keywords
which frequently appears in the training data for filler
models. It is reported that the use of language model for
constraining the word transitions in the vicinity of the
keywords shows some effects on the recognition
performance [3]. However, it is only applicable to the
constrained speech utterances, since the transition rules
between words are lessened in a natural speech.

The context dependent phone models for filler
models are superior to context independent monophone
models in specificity but inferior to in trainability, due
to the lack of training data, as well as in computational
complexity. Monophone models are smaller in size and
less specific which lead to less computational
complexity. This results in lower recognition rate than
that of the context dependent phone models in a large
vocabulary speech recognition system. Nevertheless,
they showed little difference in recognition performance
in a word spotting system [2]. From this point of view,
monophone models trained from non-keyword training
utterances are generally considered as the best choice of
fillers in a word spotting system [6].

Random speech models [2,4,5] are automatically
trained in unsupervised mode without any information
about the training data. These fillers simplify the word
spotting system and require less computational
complexity than any other types of fillers mentioned
above only to result in a poor recognition performance.

Thus, we propose a new filler that remains in the
optimum path for minimum duration. The minimum
duration is based on the average duration of
monophones. Each of the HMM states in a filler shares
the same output probability distribution function. All of
these imply that the new filler has the advantages of
both the monophone models and the random speech
models. Our proposed fillers are trained automatically
and require computation as much as the random speech
models while they maintain the recognition performance
as good as the monophone fillers. We also introduce the
concept of false models similar to those of the keywords
to reject false alarms. These false models can be also
considered as another type of fillers.
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The next two sections describe the modeling of the
minimum duration constrained non-keyword fillers and
the keyword similar models for rejection. The
experimental results compared with those of the
monophone fillers are provided in Section 4, and some
discussions and conclusions in Section 5.

2. NON-KEYWORD MODELING

In order to reduce the computational complexity of
fillers to the level of small VQ codebook, while
maintaining the recognition performance as high as the
phone filler models in a word spotting system, the filler
should have the characteristics of both the codeword and
the phone. To meet this condition, one can construct the
structure of the filler that will remain in the optimum
path for the same duration as the phone’s duration,
while having the simple feature of a codeword.

Hence, we propose minimum duration constrained
non-keyword model shown in Figure 1. P; is the
transition probability to filler f and d; is the duration
probability of filler f. It has D (minimum duration)
states that share the same output probability distribution
function. Only the last state has the self-transition loop,
which allows the filler to stay for more than the
minimum duration. The minimum duration D is
determined based on the statistics of the phones, whose
average length is about 80 ms derived from 300,000
phones in Korean sentences. That is, in the proposed
filler, the minimum duration represents the feature of the
phone models. and the sharing of one probability
distribution function represents the feature of a VQ
codeword. Since it has two characteristics of both the
codeword and the phone, its estimation probability of
out-of-vocabulary lies between that of a VQ codeword
and that of a phone model. Though acoustic modeling
by VQ improves the false alarm rejection performance,
which is due to its better estimation of the out-of-
vocabulary than the phone models, the detection
probability of keywords decreases due to the same
reason. Hence, for the system using the minimum
duration constrained fillers, it is expected that the
detection probability be improved due to the
characteristic of the phone models while the number of
false alarms be reduced by virtue of VQ’s better
estimation of out-of-vocabulary. The training algorithm
of the minimum duration constrained non-keyword
models is summarized as follows and the flowchart is
shown in Figure 2.

1. initialization : F codewords generation

2. segmentation : segment into F by FSN

3. clustering and parameter updating by k-means
4. if convergence quit, else goto 2
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Figure 1. Minimum duration constrained non-keyword
Model.
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Figure 2. Flowchart of the training of filler models.

The MD (minimum duration) constrained non-
keyword models are automatically trained and created
from conversational speech utterances without any
keywords. These fillers are initialized by the codewords
generated by VQ codebook design from the training
data. Hence the number of fillers will be the same as the
codebook size. The training data goes through FSN
(finite state network) [8] of one state grammar shown in
Figure 3(a). The segmentation into each filler is
accomplished by the backtrace of FSN. The backtrace
procedure in FSN is modified to detect a filler with
some time delay. In consequence, the structure is similar
to partial Viterbi backtrace [2]. This modified FSN
structure is also employed to detect a keyword in the
word spotting system as well as to make false models.
The {ransition probability p; is updated to the
expectation of the filler f and the duration probability d;
is dependent on the average duration of the filler f.
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3. FALSE MODELS FOR REJECTION

While many different methods for rejecting false
alarms have been investigated, most of the techniques
have threshold logics over the information such as
keyword probability, word or state duration, energy,
ratios, etc [7,9]. These values could be obtained in the
process of keyword hypothesis.

Instead of using these information, another type of .

models to reject false alarms in post processing stage
could be taken into account. If a false alarm occurs,
which stems from the high probability of the
corresponding keyword compared with fillers, a word
spotter needs another filler into which the false alarm
fits better than the corresponding keyword model.
Hence we have come to infroduce the false models
similar to those of the keywords. We collected the false
alarms of a certain keyword, and then made a
corresponding false model. The number of false models
similar to one keyword could be one or more according
to the acoustic variations of the false alarms.

The training tokens for keyword similar models are
obtained using the same FSN shown in Figure 3 (b) as in
recognition. The number of the training tokens for
keyword similar models changes by adjusting the
interword transition probability. It is remarkable to note
that these keyword similar models can be also used as
fillers only in the keyword hypothesis process, where its
effects are the same as when used in the post processing
stage.

4. EXPERIMENTS

Word spotting experiments are performed on the
Travel Information Service Conversations database
spoken by 83 Korean speakers, all of whom are male.
Eighty to one hundred sentences were collected from
each speaker. The database used here is summarized in
Table I. Keyword occurrences in the training data are
used to construct the whole-word CHMMs. The
minimum duration constrained non-keyword models are
trained from the sentences without any keywords among
the training sentences. The number of average
occurrences per keyword for training is 545, and 90 for
test. Sixteen fillers are generated from VQ codebook
whose size is the same as that of the fillers. The
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vocabulary 'size of our experiments is 7. The speech
data was sampled at 16 kHz rate and the A/D data was
preemphasized and then analyzed into frames of 20 ms
with a Hamming window for every 10 ms. The 12
liftered cepstrum coefficients and its derivatives are
computed to form a 24-dimensional feature vector.

The system was evaluated on test sentences obtained
from 16 speakers. The backtrace of FSN search is
modified to detect a keyword with some time delay in
recognition.

Table I. Travel Information Service Conversation
database.

Training Test

2897 - keyword | 492 - with keywords
sentences {2958 - fillers 934 - without keywords

5855 - total 1426 - total
speakers 67 16
hours 6.5 1.6
vocabulary
size 1122 875

Experiments with 32 Korean monophones for fillers
were carried out for comparison. Each monophone
model is defined as 3-state left-to-right HMM. All states
of CHMMs have 6 gaussian mixtures each. Compared to
the FSN search including both Viterbi and backtrace
procedure, the computation procedure of the output
probabilities in CHMM consumes most of the time in
the word spotting system. It follows that the
computational load of the proposed fillers is 1/6 times
that of the monophone fillers. Table II shows the
computational complexity of the proposed fillers
compared with that of the monophone fillers.

Table II. Comparison of computational complexity.

32 monophones| 16 MD constrained models
number of
gaussian 576 96
mixtures

The experimental results are shown in Figure 4. The
lines connected by circles and ‘x” points in Figure 4 are
the keyword detection probability versus the number of
false alarms per keyword per hour, using 32
monophones and 16 minimum duration constrained
fillers, respectively. The performance line of the
minimum duration constrained fillers is drawn slightly
higher than that of the monophone fillers. These two
lines show that the proposed fillers behave in the way of
phone models.

When a putative hit occurs in this word spotting
system, the score of the corresponding false keyword
model for the putative hit is computed and compared
with the score of the keyword model. If the false model
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is more likely than the keyword model, which means
that the threshold value of difference of the two scores is
zero, the putative hit will be rejected. The rejection logic
can be summarized as follows.

Sew 2 Spy = accept o

Svw <Spp > reject

where Sy and Spy are the scores for putative hit of the
keyword and the corresponding false keyword model,
respectively. The cross-connected line in Figure 4 is the
result of this word spotting system, where the false
models are put for rejecting false alarms in the post
processing stage. These false keyword models rejected
75 false alarms out of 100 at 5.9 false alarms per
keyword per hour resulting in 79.1 % keyword detection
rate.

85
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g o: 32 monophone fillers
60 | x: 16 MD constrained fillers |
¥ +: rejection
55| ¢
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d i 1
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False Alarm Rate fa/kw/hr
Figure 4. Word spotting results.

5. CONCLUSIONS

In this paper, a word spotting system, which
employs minimum duration constrained non-keyword
models for fillers and false models similar to those of
keywords for rejection, has been presented. This work
on the modeling of non-keyword models has focused on
both reducing the computational complexity and
improving the word spotting performance. Our proposed
filler should remain in the optimum path for at least
average duration of phones. All states in the filler share
the same output probability distribution function. Thus,
it has not only the characteristic of a phone because of
the minimum duration but also that of a codeword
because of the same output probability distribution
function.

The minimum duration constrained non-keyword
models were trained automatically with less complexity
and performed slightly better than the monophone fillers
which are considered as the best trade-off between word
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spotting performance and computational complexity [6].
This superior point of the proposed fillers in recognition
performance is somewhat unexpected. Minimum
duration constrained non-keyword models lie in
between phone models and VQ codewords in terms of
the degree of estimating the out-of-vocabulary or non-
keywords.

This paper also introduced false models similar to
those of the keywords in order to reject false alarms at
the post processing stage. It should be noted that these
false models could be also used for fillers to
discriminate a keyword from a false alarm in the
keyword hypothesis process. With this in mind, one can
derive the idea that there will be good filler models that
are false phone models which are similar to true phone
models. These false phone models can be made by the
same way as making the false keyword models
described in this paper. Then false phone models could
be used for making false keyword models by
concatenation as well as for fillers alone.
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