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ABSTRACT

This paper discusses a method for training a garbage
model for a keyword spotter. Conventionally, minimum
error training of garbage models, which have been
shown to be effective, required a large amount of
keyword speech samples as training data. So, on
changing a keyword set, a process of collecting a large
amount of speech samples has been required. In order to
solve this problem, this paper proposes a training
method which needs no keyword speech samples, so a
keyword set can be changed quickly and economically.
Experimental results show the spotting performance can
be improved by a training process without raw keyword
speech samples.

1. Introduction

Keyword spotting is a key technology for spontaneous
speech understanding. One of the major problems with a
hidden Markov model (HMM)-based keyword spotter is
how to reject non-keyword speech successfully. This
problem is, in other words, how to make a good garbage
HMM [11 for non-keyword speech. Minimum error
(ME) training is effective for garbage HMMs. In
previous papers, ME-trained garbage HMMs have
demonstrated their superiority [2] [3] [4]. However, the
training strategies employed have inherently required
keyword speech samples, even when each kevword
HMM could be represented by a sequence of some
component HMMs (e.g., phoneme HMMs). This means
that the training process has implicitly included a speech
samples collection sub-process for each keyword set.

In real-world applications, it is very resource-
consuming to collect a large amount of speech samples
whenever the keyword set changes.

This paper proposes a method of garbage HMM
training, which requires no speech samples collection
sub-process, and which enables the keyword set to be
changed quickly and economically.

This paper is organized as follows. In section 2, the
keyword spotting algorithm used in this paper is
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described. Section 3 shows ideas in the newly proposed
method. In section 4, spotting tests carried out using
spontaneously spoken dialogue speech data are
explained, and results are given showing the
effectiveness of the proposed method.

2. Keyword spotting algorithm

The keyword spotter used in this paper is shown in Fig.
1. The algorithm comprises a frame synchronous Viterbi
decoder with keyword HMMSs, a single-state pause
HMM and a single-state garbage HMM. Each keyword
HMM is composed by concatenation of allophone
HMMs. Each HMM has mixture gaussian output
distributions and diagonal covariance matrices. No non-
speech sound models are incorporated.

Keyword #1
N

Keyword #N
()

Fig. 1 HMM-based keyword spotter

3. Garbage HMM training
3.1 Basic idea

To realize an ME-training requiring no raw speech
samples, artificially generated data from keyword
HMMs are used as training data (Fig. 2).

The allophone HMMs, the pause HMM and the garbage
HMM are initially trained by a maximum likelihood
(ML) estimation based strategy. And then only the
garbage HMM is ME-re-trained. In the ME-retraining
process, to minimize the number of classification errors
between keywords and non-keywords, a cost function
which appropriately corresponds to the number of the
errors is minimized.
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Fig. 2 Basic idea of garbage HMM ftraining
3.2 Cost function
The cost function is defined as the summation of the
smoothed number of keyword rejections plus false
alarms. That is,

C= Preject 2 E (P({'Y},W) - P({h(w) } W)

IWi YweW (1)
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where
W: The set of training data for keywords,
G: The set of training data for non-keywords,
Q: The set of keyword HMMs,
v: The garbage HMM,

V(s,x): The Viterbi score of HMM s producing data x,
and a mapping h is defined as follows,

hW—Q G
where data w (¢ W) and its image, HMM © (e ) have
the same keyword label. In these formulations, it is
assumed that only one keyword data is prepared for each
keyword. This means that £ is a bijection and the inverse
mapping k- can also be defined. Practically, multiple
sets of data are prepared and the average of the costs is
minimized.

3.3 Training data generation

Training data is generated artificially from the
concatenated allophone HMMs (i.e., keyword HMMs)
with computer generated random numbers (Fig. 3).

Although there is slight unnaturalness, the generated
feature vector sequences have fairly good property for
the preceding and succeeding phoneme context
dependencies of the allophone HMMs. Each data sample
is post-processed to reject those with aberrant phoneme
duration.
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Feature

[AJ: 34-dimensional random Gaussian vector generator
[all: Distribution # generator (weight dist.)
Kl Transition controt signal generator (trans. prob.)

Fig. 3 Keyword data generation
3.4 Cost minimization
The parameters of the garbage HMM, Gaussian means,
variances and mixture weights are updated to minimize
cost function C.

00 - D _ PC_'] 5)
P 09 Jo - ot-D (

where,

0@: A parameter just after iteration i,

B: A leaming constant.

Leaming constants are determined as described in {5].
A partial derivative for each parameter can be obtained
by the following formula.

oC _0oC oE oA oP

—————— ©
30 O A 9P 00

In the experiments, Gaussian means and mixture weights
are trained.

4. Experiments
4.1 Conditions
The experimental conditions are shown in Table 1. A

feature vector consists of 34 clements. Allophone
HMMs used in the experiments were represented by a
speaker independent allophone HMnet [6] of 200 states,
which was yielded with a novel method based on the
composition and the clustering (CCL) of speaker
dependent allophone HMnets [7].

Experi |
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20 different keywords are selected from a spontaneous
speech dialogue corpus in a travel arrangement (e.g.,
hotet reservation) task domain [8].

4.2 Initial garbage HMM

On ME-training, in general, the initial values of HMM
parameters are very important because the cost may
converge to a local minimum through the cost
minimizing process. The initial garbage HMM used in
the experiments were yielded with a method based on
the composition of multiple speaker-dependent garbage
HMMs (Fig. 4) .

{ 2 (male/female) x
6 6 1-state 20-mixture
speaker-dependent
d garbage HMM

N (# of speakers) x
1-state 20-mixture

speaker-dependent
garbage HMM

1-state 20-mixture
speaker-independent
garbage HMM

Fig. 4 Initial garbage HMM creation procedure

In this procedure, the first step and the second step are
to ensure enough resolution in acoustics and in speaker-
individuality respectively. In the last step, states and
distributions are merged to yield a 1-state speaker-
independent garbage HMM with the specified mixture
size.

4.3 Training data set

As training data, 400 keyword data (vocabulary = 20,
20 samples per keyword) are generated artificially from
the concatenated allophone HMMs (i.e., keyword
HMMs) by the method described in section 3.

Although both keyword data and non-keyword data are
required for ME training, only keyword data is prepared
for the cxperiments in this paper. In calculating the false
alarm cost, each unit of keyword is used as substitutive
non-keyword data for each keyword HMM except for
the correctly corresponding keyword HMM. Then, The
cost function in (1) is rewritten as follows.
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C= Preject Z E (P({'Y},W) - P({]’l(W) },W))
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Accordingly, the garbage HMM is ME-trained as the
score for each unit of keyword data below one of the
correct keyword HMM and above any of the other
keyword HMMs.
4.4 Training

An ML-trained initial garbage HMM was ME-re-
trained and the cost decreased with iterations as shown
in Fig. 5. In several training processes, including those
in some preliminary experiments, costs converged
within 20 iterations.

Cost (C)

0.62

OBGi |
\
\

0.58

lteration #

Fig. 5 An example of cost minimizing process
4.4 Tests and results

Spotting tests were carried out using one male's and one
female's speaker-open speech data from Japanese
spontaneous dialogues in a travel arrangement task
domain. The test set has 60 utterances from 4 dialogues
and 23 keywords emerged there.

As shown in Fig. 6, the ME-re-trained garbage HMM
outperformed the initial garbage HMM in terms of
rejection-false alarm characteristics. This means that
ME-training is still effective even with artificially
generated training data.

The same tests were also done with another garbage
HMM which was ME-irained with a small number of
{three sets) of raw keyword speech samples which are
automatically segmented from the travel arrangement
corpus. The results were at best as good as the proposed
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method is. Although further study is still needed to show
how close the proposed method performs to the
conventional ME-training method using raw keyword
speech samples, the proposed method performs beiter
than using very small number of raw speech samples.

False alarm rate (fa/kw/hr)

100 H H H H
ﬂ\ ; : ;
'W\‘\ -=-m--  |nitial
A
80 \ X ~—0— ME-re-trained
.
\ N
60

o..
-
40 5y
s~~

20 w—— g

0
0.3 0.4 0.5 0.6
Rejection rate

Fig. 6 Comparison of spotting performance

5. Discussion

Experimental results showed that ME-training with
artificially generated training data can fairly improve the
spotting performance in spite of unnaturalness in the
artificially generated training data.

Moreover, they showed that the proposed method has
room for improvement. The following issues are points
for discussion.

Garbage HMM topology

Because the topology of the garbage HMM in this paper
is the simplest one (1-state model). The score for the
initial garbage HMM is not high enough. The
effectiveness of the proposed method should be apparent
with more complicated garbage HMMs (multi-state
models, clustered models, etc.).

Training data generation

In the data generation process, a speaker independent
allophone HMnet were used without considering the
speaker consistency. If well clustered multiple models
are available, more natural feature vector sequences can
be generated.

Training data set

The substitutive non-keyword data used in this paper is
useful when non-keywords are unpredictable. As
another way, if some linguistic corpora or linguistic
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models are available, the non-keyword data can also be
generated based on them.

6. Conclusion

This work proposed an ME-training method for a
garbage HMM which needs no raw keyword speech
samples. Experimental results showed that the proposed
method, ME-training with artificially generated training
data, can fairly improve the spotting performance. This
method requires no keyword sample collection, so the
keyword set can be changed quickly and economically.
Several supplemental experiments related to the issues
listed in section 5 are planned in future. These
investigations should further clarify the effectiveness
and characteristics of this method.
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