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ABSTRACT
This paper presents a keyword spotting method based on
searching a syllable lattice structure. The Mandarin syllables are
represented in initial-final models. By one-stage dynamic
programming, an utterance is converted into a sequence of top-
N-candidate syllables. It comes out a syllable lattice structure for
this input utterance. A vocabulary of predefined keywords is
represented as a set of syllable sequences. By searching the
syllable sequences of keywords in the syllable lattice structure,
we can spot the keywords in the utterance. A ranking and
scoring algorithm is proposed for searching the keywords. The
utterance verification for non-keyword rejection is also
implicitly presented in this proposed algorithm.

1. INTRODUCTION

Keyword spotting is an alternative of speech recognition in
dialogue systems. Without recognizing all the sounds in an
utterance, the keyword spotting technique can effectively extract
the meaning in that utterance. Since only the keywords will be
extract from an utterance, those non-keyword portions must be
detected and ignored during the scoring process.

The traditional approach is to generate keyword models and
filler models in acoustic level. Usually the hidden Markov
models (HMMs) are used for representing the keywords. The
sound of non-keyword portion is modeled by filler models with
only a few states [1]~[3]. During the recognition process, the
filler models perform the function of filtering out those non-
keyword frames. The system performance depends on how good
the filler models we can generate. If the input utterance contains
no keywords, an algorithm of utterance verification should be
able to reject those out-of-vocabulary (OOV) words [4][5].

An alternative approach is to obtain the phone lattice of the input
utterance. Then the keywords can be examined with a fast
lexical search [6]~[8]. Many other fast algorithms have been
developed for efficiently spotting the words in the spoken
sentence [9]~[12].

Mandarin is a syllabic and tonal language. Each Chinese
character is a mono-syllabic lexicon [13]. In continuous speech
recognition, an utterance is converted to a sequence of syllables,
and then a sequence of Chinese characters. For keyword spotting,
a keyword can be represented as a short sequence of syllables.
The concatenation of the HMMs of the corresponding syllables
is the model of keyword. The HMMs of those non-keyword
syllables can be tied to form the filler models. Then the
traditional Filler-Keyword-Filler structure can be used for

keyword extraction.

On the other hand, if the one-stage dynamic programming is
performed to find the top-N candidates for each syllable slot, we
can obtain a syllable lattice structure for an utterance. The
syllable sequence of a keyword should exist in this lattice
structure. By searching all the paths in this lattice structure, we
can spot the defined keyword.

2. MODEL OF MANDARIN SYLLABLES

In this study, Mandarin syllables are modeled by the Initial-Final
structures. That means two sub-syllable units are concatenated
to form a syllable. The initial is the beginning of a syllable. It is
usually a consonant. The final is the vowel portion. It contains at
least a voiced sound. Some syllables may not initiate with
consonant. In Mandarin, there are 21 initial consonants and 37
finals. Usually an empty-vowel is taken into account to represent
those syllables without final symbol. A zero-initial is used to
represent those syllables without initial consonant.

If we categorize these 37 finals according to their beginning
portion of the successive vowel, we can group them into 6
categories, i.e., the successive finals with beginning vowels /a/,
/o/, /e/, /i/, /u/, and /u:/. Because of the coarticulation of the
initial consonant and its successive final, we consider an initial
together with the transition frames of the beginning vowel of
final portion or the empty-vowel as a right-context-dependent
(RCD) recognition unit. It comes out 94 RCD initials. The finals
are considered as context-independent (CI) recognition units
[14]. The hidden Markov models (HMM) are used to model 94
RCD initials and 38 CI finals. In this study, 3-state HMM is used
for RCD initials and 4-state HMM is for CI finals. For those
zero-initial syllables, 2-state HMM is used to model the
transition of the beginning vowel. There are 6 zero-initial
models. Besides, the silence portion is modeled by a 1-state
HMM. By inserting this silence model between syllables, the
pause portions in an utterance can be well specified during the
recognition process.

The speech is segmented into a sequence of syllables. Each
syllable is the concatenation of two sub-syllable units, i.e., an
initial and a final. Then a keyword is modeled by a
concatenation of syllables, in other word, a sequence of
constrained sub-syllables. The word spotting is to locate and
identify a sequence of sub-syllables in an utterance.

The tone is also a cue for syllable identification. Usually the tone
is determined by the pitch contour in the final portion of a
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syllable. Since the confusion in a small vocabulary of keywords
just because of tones can be avoided in defining the keyword, we
can neglect the tone recognition for simplicity. In this study, we
do not take the tone into account. That means only base syllables
are recognized in this keyword spotting system.

3. FEATURE EXTRACTION AND SPEECH
DATABASE

The short-time analysis is applied to extract the speech features.
The speech signal is sampled in 8 kHz and segmented into
frames of 256 samples with a shift of 128 samples. Each frame
of signal is multiplied by a Hamming window, and then
transformed to frequency domain by performing Discrete
Fourier transform. A 20-filter bank in mel-scale is used for
obtaining the mel-frequency cepstrum. We use 12 mel-
frequency cepstral coefficients (MFCCs), 12 delta MFCCs, and
a delta log-energy to form a feature vector. In order to equalize
the intensity of speech signal among speakers, the maximum
log-energy in an utterance is used to normalize all the frame
energy.

A speech database of 101 speakers is used for generating all the
sub-syllable models, i.e., 94 RCD initial models, 38 CI final
models, and 6 zero-initial models. This speech database was
generated in Chung-Hua Telecommunication Laboratories,
Taiwan. 51 males and 50 females had provided the speech data
through microphone in a moderate quite environment. Each
speaker pronounced 50 utterances of words or phrases with 4
syllables. The database covers all 408 base syllables in
Mandarin speech.

4. SYLLABLE LATTICE STRUCTURE FOR
KEYWORD SEARCHING

For a specific application, a set of keywords is pre-defined. The
syllable sequence corresponding to each keyword is set up so
that a vocabulary of keywords in terms of syllable sequences is
generated. The procedure of keyword spotting is in two steps. At
first, the one-stage dynamic programming algorithm is applied
to an input utterance so that the syllables in the utterance are
located. For each syllable slot, top N candidates are recorded.
This comes out a syllable lattice structure for the input utterance.
Second, each syllable sequence in the keyword vocabulary is
used as a template to match the syllable sequence pattern in the
syllable lattice structure. All the keyword candidates are scored,
so that the recognized keyword can be determined.

The scoring process is based on two formulas.

(1) Syllable ranking score

Suppose that a keyword is located in the syllable lattice structure.
A syllable of this keyword must be in top N candidates of its
corresponding syllable slot. The ranking score of this syllable is
the rank of this syllable in that slot. Let the ranking score for j-th
syllable of keyword k be denoted as

The average score of the syllables in a keyword is the score of
that keyword.

(2) Policy of favoring the long word

If there are more than one keywords located in an utterance with
overlapped syllable slots, we may take one with highest score as
the recognition result. In some sense, this may not be a right
decision. The longer one is usually with lower average score. In
order to favor the long keywords, we define a threshold, T, to
measure the distance from the top score.

If the distance is less than the threshold T, the long one is favored.
Otherwise, the keyword of top score is taken.

5. EXPERIMENTS

In this study, the task of the keyword spotting system is to
recognize a set of commands for PC operations. The test speech
data were collected in National Tsing Hua University, Hsinchu.
The test utterances were recorded through microphones with 8
kHz sampling rate. Five males and three females had provided
the speech data. Each speaker pronounced 60 sentences. 50 of
them contain only one keyword, 10 sentences contain no
keyword. For those sentences containing keywords, the non-
keyword speech may appear before or after the keyword. The
distribution of the sentence styles is shown in Table 1.

Table 1. Number of sentences for various styles

Sentence style No. of sentences

I. Non-keyword + Keyword 120

II. Keyword + Non-keyword 120

III. Non-keyword + Keyword + Non-keyword 160

IV. Non-keyword 80

5.1. Top-N: number of candidates in the syllable slot

In this experiment, we want to know how many candidates
should be allocated for each syllable slot. Only the test data of
style I, II and III are used. The error rate for each case is shown
in Table 2.
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Top-N 6 8 10 12 14 16 18 20

Error
rate
(%)

20.50 13.75 10.00 8.25 8.25 9.25 10.00 10.00

The result shows that N = 12 or 14 can give lowest error rate. By
investigating the errors, we find that the long word usually does
not get the top score even it should be the correct one. That
means a policy to favor the long word is necessary.

5.2. Favoring the long word

An intuitive approach is to take long word when there are two
overlap keywords in the candidate list. The same experiment in
5.1 is performed. The result is in Table 3.

Table 3. Error rate in case of favoring the long word

Top-N 6 8 10 12 14 16 18 20

Error
rate
(%)

18.25 11.75 9.25 8.00 10.50 14.50 17.75 22.25

The result shows the reduction of error rate at N = 12, but the
performance becomes worse when N is bigger than 12. The
reason is that the long word becomes more possible to appear in
large N even it is a wrong one.

5.3. Threshold for Favoring the long word

In order to get rid of the mistake in favoring the long word, we
measure the distance of long word score from the top score.
Then threshold value, T, is set to determine whether the long
word I favored. For different threshold values, the error rates are
given in Table 4.

Table 4. Error rate in various threshold values

Top-N 6 8 10 12 14 16 18 20

ER(%)
T=0.5

19.00 12.00 8.00 6.00 6.00 7.00 7.75 7.75

ER(%)
T=1.0

18.50 11.00 7.00 4.75 4.50 5.75 6.50 6.75

ER(%)
T=1.5

18.50 11.00 7.00 4.50 4.25 5.50 6.25 6.50

ER(%)
T=2.0

18.25 10.75 6.25 3.75 3.50 4.75 5.50 5.75

It shows that the best N is 14. The error rate can be reduced to
3.50% when the threshold T=2.0. More improvement appears in
large N. That means the proposed policy can eliminate the errors
due to those incorrect long words.

5.4. Out-of-vocabulary (OOV)

In this experiment we want to investigate the OOV problem. The
test data of style I, II, III, and IV are used. The system should be
able to reject those sentences of no keywords, i.e., sentences of
style IV. The intuitive method is to set a threshold , R, for
average score so that the sentence containing no keywords can
be rejected.

The candidate keyword is accepted if its ranking score is less
than a threshold, R. Otherwise, the sentence is considered as
containing no keywords. The experimental result is in Table 5
and Table 6.

Table 5. Rejection rate for sentence containing keywords

Top-N 6 8 10 12 14 16 18 20

RR(%)
R=3.0

0.50 3.50 5.75 7.25 7.25 7.75 7.75 8.00

RR(%)
R=3.5

0.50 2.00 3.25 4.75 4.25 5.00 5.00 5.25

RR(%)
R=4.0

0.00 1.00 1.25 2.00 2.50 3.25 3.25 3.50

Table 6. Rejection rate for sentences without keywords

Top-N 6 8 10 12 14 16 18 20

RR(%)
R=3.0

92.50 92.50 92.50 92.50 92.50 92.50 92.50 92.50

RR(%)
R=3.5

90.00 87.50 87.50 87.50 87.50 86.25 86.25 86.25

RR(%)
R=4.0

88.75 83.75 82.50 82.50 82.50 82.50 82.50 81.25

These two tables show that a small threshold value, say 3, will
cause more false rejection of keywords, but gives better OOV
rejection. On the other hand, a large threshold value will cause
more false accept of non-keywords, and reduces error in
rejection keywords. This is a tradeoff in determining the
threshold value R. The experiment result shows the false
rejection and false accept can be around 7.25%~7.5% when N =
14 and R = 3.0.

6. CONCLUSION

This paper proposes a method of keyword spotting by searching
the syllable lattice structure. The match of keyword is performed
in syllable level instead of acoustic level. The experiment is
demonstrated on a speaker-independent task to recognized 50
commands for the PC operations. The experiments showed that
the error rate can be as low as 3.50% when the number of
candidates, N, in syllable lattice is 14 and the threshold, T, for
favoring the long words is 2.0. If the out-of-vocabulary (OOV)
cases are considered, the false rejection and the false accept can
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be as low as 7.25%~7.5% when the threshold R is set to 3.0.
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