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ABSTRACT

Word spotting is an appropriate approach to cover real
user behaviour [2], because users often embed target
words or phrases in longer utterances than the
recognition system expects. In our approach we use a
standard Hidden-Markov continuous speech recognition
system (CSR) with language model 9] for word
spotting. This word spotting approach does not require
any additional HMM-Training for garbage models,
because all kinds of garbage models are a concatenation
of the standard HMM sub-word-units of the system. As
we want to use our word spoiting system as an open
input, we principally do not constrain the algorithm to
only one keyword or phrase per utterance. It is also
shown that there is a soft transition between word
spotting, phrase spotting and a standard CSR.

1 INTRODUCTION

Most of the word spotting systems are based on Hidden-
Markov-Models (HMM), so the main differences
between word spotting systems are the implementations
of the garbage models [1] and their usage in the word
spotting system. Some approaches use HMMs which are
trained only with non-keywords and background noise
[4] to model the complete non-keyword sounds. The
number of these HMMs varies from 1 to 50. Other
solutions define garbage models with the same HMMs
which are used for the keywords [3]. This is a very
effective solution because there is no necessity to train
new HMMs for the garbage models. In most
applications the keyword vocabulary is about 20
’keywords and the number of garbage models varies from
1-2000 [1]-[8].

One of the greatest problems of word spotting is the
Insertion rate, because some non-keywords are
acoustically closer to a keyword than to any garbage
model. Especially one-syllable keywords are affected.
Hence keyword entrance penalties are used to avoid
high insertion rates |1). Bigram language models are
also used to decrease the insertion rate.

In general there are two different possibilities to design

a word spotting system: with task dependent and task
independent garbage modelling. In most cases
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application knowledge is available. This knowledge can
improve overall performance but leads to a task
dependency.

We present a task independent word spotting system
which is based on a standard CSR. In Section 2 of this
paper we describe how the unknown words are covered
by concatenation of HMM sub-word-units. We start with
a task dependent word spotting system and make it task
independent. In Section 3 we separate the garbage
modelling and the keywords in two modules. In Section
4 we extend the main structure to a phrase spotting
system by integrating a Bigram- or SYNBI [9] language
model in the keyword module. This represents the word
spotting system as a generalisation of a CSR algorithm.

2 GARBAGE MODELS
2.1 Large Vocabulary Word Spotter

Starting with a standard CSR application it is an easy
step to build a large vocabulary word spotter. First the
keywords are defined an then some hundred words
marked as garbage models arg” added which have the
task to cover the whole extraneous speech. This kind of
garbage models are called specific garbage models as
they represent a whole word. There are some strategy
aspects recommended in [3] to select specific garbage
models to cover most of the unknown words €.g. most
frequent words, words which are in context with the
keywords. Figure 1 illustrates this concept for a word
spotter.
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‘“’

Figure 1: Large vocabulary word spotting system

An utterance starts at point S followed by a network of

keywords and specific garbage models. The keywords

and garbage models are in parallel. The algorithm is not
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constrained to only one keyword per utterance. The
utterance ends in point E. Disadvantages of this
structure are task dependency and the high amount of
specific garbage models due to the keywords. The task
dependency decreases with an increasing amount of
specific garbage models, because of overlapping garbage
sets of different applications, but computing time arises.

2.2 Large Vocabulary Word Spetter with a
Bigram Language Model

It is usual to use a Bigram language model for CSR. It is
also possible to take advantage of a Bigram language
model in a large vocabulary word spotter. Most
important for this Bigram is the context of the
keywords. Figure 2 shows a word spotter with a Bigram
language model. Only permitted transitions are drawn.

G = garbage model
K = keyword

Figure 2: Large vocabulary word spotting system
with a Bigram language model

The problem of high insertion rates decreases, especially
with short- or one-syllable keywords, since it is more
reliable to spot e.g. "two meter” than only "two" in an
unconstrained utierance.

2.3 Syllable-based Word Spotter

The disadvantage of the before mentioned word spotters
is their task dependency and the high amount of specific
garbage models. This causes inflexibility and computing
time. It is necessary to define new specific garbage
models for every new application.

We want to exploit more the natural structure of Speech.
Therefore speech is divided into the following three
levels:

1. phoneme Level
2. syllable Level (concatenation of phonemes)
3. word level (concatenation of syllables)

It is possible to cover the whole speech on the phoneme
level, but this is not suitable for a word spotter because
the phonemes are very short compared with the
keywords. Therefore we try to model the speech at the
syllable level, i.c. the garbage words (out-of-vocabulary
words) will be modelled by syllables. Thus the lexicon
contains keywords and syllables. This seems to be a
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good compromise between lexicon size and modelling
accuracy.

The syllables are not modelled by explicite HMMs for
each syllable, but we use the HMMs of sub-word-units
(context dependent diphon and triphone models) of the
system and model a syllable by concatepating the
appropriate HMMs. Syllables are obtained from a large
database sorting them due to their frequency.

It is desirable to cover as many as possible of the
unknown words with as less syllables as possible. Figure
3 shows the coverage of the words due to the syllables
sorted in descending frequency.
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Figure 3: Coverage of the words due to the number of
syllables sorted in descending frequency

Figure 3 shows, that 93% of all words of an application
can be covered by 400 syllables. Figure 4 shows the
structure of the syllable based word spotter.

Figure 4: Syllable based word spotter

The parallel specific garbage models (Figure 1 and 2)
are substituted by a single task independent garbage
module at HMM level with transitions A and B.

3MAIN STRUCTURE OF THE WORD
SPOTTING SYSTEM

When garbage modelling and the keyword assembly are
separated into two independent modules, we get a main
structure for a word spotting system. Figure 5 shows this
structure.

The main structure is implemented as a language model
weighting the transitions between the modules
Start,End, garbage and keywords. The keywords are
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parallel, the garbage module is the HMM concatenation
model above mentioned,

Figure 5: Main structure

4 PHRASE SPOTTING

We denote phrase spotting as the task of finding a
grammatical structure in an utterance, Figure 6 shows
such a grammar. This grammar is implemented in the
keyword module as a Bigram or SYNBI as described in
[9].

Phrase Level Language Model
(SYNBD

\ set_lI tenperature_ I ' B
temperature._ L

Figure 6: sub-grammar of the keyword module

It is possible to train this phrase level language model
with a data base or it can be defined linguistically, But
in both cases it can be developed separately from the
word spotting system. Only the keyword module has to
be replaced by an appropriate  module with the
grammar.

S EXPERIMENTS AND RESULTS
5.1 Conditions

We used 470 context dependent HMM sub-word-uniis
from a standard CSR-application. Database T consists of
1500 sentences and 455 different words for controlling
radio, telephone etc. Database E includes 570 city
names, 380 functional words and 13500 sentences.

The word spotting system is speaker independent,
5.2 Scoring

As every insertion causes a false action of the speech
recognition system, it is necessary to count the insertion
rate due to the existing keywords in the test database. N,
is the number of keywords in the whole database and N i
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the number of insertions. Then the insertion rate is
defined as;

Insertion Rate =100* N, /N,

5.3 Implementation Aspects

Figure 7 shows the typical word spotting task: a small
keyword vocabulary, a lexicon covering a part of the
garbage words and the unknown words as a difference
between database and lexicon. If we extend the keyword
vocabulary to the size of the whole database, we find the
task of CSR. As this extension can be made step by step
there is a soft transition from word spotting to CSR.

DATABASE

LEXICON

Figure 7: Relationship CSR and word spotting

5.4 Small and Large Keyword Vocabulary

The small keyword vocabulary consists of 22 keywords
out of data base T. For the implementation of the large
keyword vocabulary we took 570 keywords (city names)
from data base E,

Figure 8 shows the relationship between keywords,
garbage models and unknown words, Test 1 covers
100% , Test 2 covers 66%, Test 3 33% and Test 4 0%
of the non-keywords in the database.

100%

80%

EJ UNKNOWN
E carBAGE

60%

40%

20%

Test1 Test2 Test3 Test4

Figure 8: Vocabulary Assembly

Figure 9 shows the recognition results. The main result
is, that the more we know about the application the
lower the insertion rate (Test 1). If there is a 2/3 (Test 2)
coverage of the users words, the insertion rate remains
small. If there is only 1/3 coverage (Test 3) of the users
words, the insertion rate increases rapidly. The insertion
rate explodes without garbage modelling (Test 4). We
obtained no improvement of the insertion rates if we
used non-specific garbage models in the lexicon, except
in Test 4: the insertion rate decreased from 1360% to
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955%. For the large keyword vocabulary the recognition
rate is similar.
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Figure 9 : Recognition rates large vocabulary
word spotter

5.5 Syllable based Word Spotter

Figure 10 shows the insertion rate according to the
syllable based garbage modelling. The number of
syllables varies from 100 - 800 syllables. In the range
from 400 - 800 there is no remarkable improvement in
the insertion rate, Thus the number of syllables is
limited to 400 syllables for our word spotter.
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Figure 10: Insertion rate due to the syllables in
descending order of occurrence

We took 20 keywords (city names) out of data base E
which represent 1.5 % of all words of data base E. Table
1 shows the recognition results.

lecognition | Deletion ubstitution  {Insertion

91.5% 8.5% 0% 16.5%

Table 1: recognition results with syllable based
word spotter

The recognition results of the syllable based word
spotter are similar to the results of the large vocabulary
word spotter with 92% (database E).

We also carried out an initial experiment with phrase
spotting. The sub-grammar consists of time phrases e.g.
"at four o'clock”. The recognition rate was about 87%
and the insertion rate is 0%.
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6 CONCLUSION

It was our aim to built a word spotting system based on
an existing CSR system. It was possible to avoid an
additional training for HMMs. We get rid of the task
dependency with the garbage modelling at syllable level.
The syllables are modelled with standard HMMs of the
CSR system. It was sufficient to take 400 syllables as
basis for the HMM concatenation model.

Embedding a sub-grammar in the keyword module it
was also possible to spot phrase structures e.g. time.
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