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Abstract. In this paper, a keyword spotting based dialogue system is described.
It is critical to understand user’s requests accurately in a dialogue system. But
the performance of large vocabulary continuous speech recognition (LVCSR)
system is far from perfect, especially for spontaneous speech. In this work, an
improved keyword spotting scheme is adopted instead. A fuzzy search algo-
rithm is proposed to extract keyword hypotheses from syllable confusion net-
works (CN). CNs are linear and naturally suitable for indexing. To accelerate
search process, CNs are pruned to feasible sizes. Furthermore, we enhance the
discriminability of confidence measure by applying entropy information to the
posterior probability of word hypotheses. On mandarin conversational tele-
phone speech (CTS), the proposed algorithms obtained a 4.7% relative equal er-
ror rate (EER) reduction.

1 Introduction

Research on spoken dialogue systems and their real-world applications have attracted
increased attention in recent years [1]. For spoken dialogue applications it is critical to
understand the user’s requests accurately, since the rest of the system acts based on
this recognized result [2]. On the other hand, the performance of current large vocabu-
lary continuous speech recognition (LVCSR) systems is far from perfect, especially
for spontaneous speech. In this paper, we focus our interest on the study of recogni-
tion strategy obtained during the utterance understanding process. A keyword-based
approach is employed to understand spontaneous speech.

The task of keyword spotting is to detect a set of required words in the input con-
tinuous speech [3]. It is desirable to achieve the highest possible keyword recognition
rate, while minimizing the number of false keyword insertions. A syllable confusion
matrix (SCM) is adopted to extract keywords in this paper. The quality of SCM has
an obvious influence on the performance of keyword spotting. Based on traditional
approaches, we propose an improved SCM. Furthermore, we enhance the discrimin-
ability of confidence measure by applying entropy information to the posterior prob-
ability of word hypotheses.

The remainder of the paper is structured as follows: Section 2 presents an overview
of system framework. In section 3, we introduce the keyword spotting scheme. Ex-
periment results are presented in section 4 followed by the conclusions in Section 5.
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2 Overview

The basic architecture of a spoken dialogue system is illustrated in Fig. 1 [4]. Gener-
ally, a spoken dialog system consists of two parts: utterance understanding part and
utterance generation part. When receiving a user utterance, the system behaves as
follows [5]:

(1) The keyword spotting system receives a user utterance and outputs keyword
hypotheses.

(2) The keyword hypotheses are passed to the semantic analyzer. Semantic analy-
ses are performed to convert them into a meaning representation, often called a se-
mantic frame.

(3) The discourse understanding component receives the semantic frame, refers to
the current dialogue state, and updates the dialogue state.

(4) The dialogue manager refers to the updated dialogue state, determines the next
utterance, and outputs the next content to be delivered as a semantic frame. The dia-
logue state is updated at the same time so that it contains the content of system
utterances.

(5) The surface generator builds the system response, typically as a surface
expression (text sentence).

(6) The speech synthesizer generates the system voice using a text-to-speech
(TTS) conversion system.

This paper concerns the keyword spotting module of this spoken dialogue system.
A novel keyword spotting scheme is proposed to extract keyword hypotheses from
syllable confusion networks (CNs).
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Fig. 1. Module structure of a spoken dialogue system
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3 Keyword Spotting Scheme

In our keyword spotting system, search space is built on total Chinese syllables, not
specifically for keywords. Syllable recognition is performed without any lexical
constraints.

Given a spoken input, a very large lattice is generated firstly. A clustering algo-
rithm is used to translate syllable trigram lattice into a CN [6]. The CN has one node
for each equivalence class of original lattice nodes and adjacent nodes are linked by
one edge per word hypothesis. We extract keywords from CNs. Generally, confusion
matrix is adopted to achieve higher recognition rate in speech recognition system [7-
9]. Based on traditional approaches, we generate SCM based on CNs. Entropy infor-
mation based posterior probability is also applied to reject false accepts.

3.1 Generation of Syllable Confusion Matrix

Confusion matrix is often used for similarity measure. In Mandarin, every character is
spoken in a monosyllabic manner. Most of Chinese characters can be expressed by
about 1276 syllables which consist of a combination of 409 base syllables and 4
tones. In this work, we build a base syllable confusion matrix which has only 409
entries.

Generally, the syllable confusion matrix is calculated using a syllable recognizer,
which recognizes 1-best syllable sequences instead of words [8]. It can be described
as the following steps:

(1) Canonical syllable level transcriptions of the accent speech data should be ob-
tained firstly.

(2) A standard Mandarin acoustic recognizer whose output is syllable sequence
will be used to transcribe those accent speech data.

(3) With the help of dynamic programming (DP) technique, these recognized syl-
lable sequence are aligned to the canonical syllable level transcriptions. Regardless of
insertion and deletion errors, substitution errors are considered. Given a canonical
syllable S,, and an aligning hypothesis S,, we can compute confusion probability:

count(S,1S,)

L .
> count(s, 1S, M

i=1

P(S,18,)=

where count(S, 1S, ) is the number of S, which is aligned to §,,. N is the total sylla-

ble number in our dictionary.

However, there is a conceptual mismatch between decoding criterion and confu-
sion probability evaluation. Given an input utterance, a Viterbi decoder is used to
generate the best sentence. But it does not ensure that each syllable is the optimal one.
Instead of 1-best syllable hypotheses, we generate confusion matrix from CNs. N-best
hypotheses of each slice are considered. Fig. 2 describes an example of CN. For
schematic description, we give top 4 hypotheses in each slice. Corresponding
canonical syllable is also presented.
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Fig. 2. An example of syllable confusion network
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In order to assess whether a CN provides more information than 1-best recognition
result, the syllable error rate (SER) on evaluation set is computed. As Table 1 shows,
SER of CNs drops significantly compared with 1-best recognition result. That is to

say, CNs provide us more effective information.

Table 1. SER of CNs and 1-best recognition result

Methods SER [%]
1-best recognition result 49.5
CNs 27.1

Recognizer output voting error reduction (ROVER) technology is adopted to align
CN and canonical recognition results [10]. We select special slices to generate the
confusion matrix. Given a canonical syllable S,,, only slices including S,, are consid-

ered. A classification function (k) is defined as:

,B(k) 1 if §,, is a most probable syllable in the kth slice
others

Then, confusion probability can be expressed as:

C

> Bk)count(S,18S,,)
P(S, 1S )=—!

N C

D> Bk)count(S,18,,) |

i=l k=1

2

3)

where C is the number of slices in training data, N is the number of syllables in

dictionary.
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Table 2 presents an example of a confusion matrix. Value in each bracket is the con-
fusion probability between syllables. Obviously, the summation over each row is 1.

Table 2. An example of syllable confusion matrix

ba ba (0.419) la (0.074) ma (0.056) da (0.043)
cai cai (0.286)  chai (0.107) tai (0.101) can (0.088)
gen gen (0.244)  geng (0.106) ge (0.055) gou (0.035)
lan lan (0.267)  nan (0.092)  luan (0.062) lai (0.058)

mei  mei(0.416)  nei (0.055) men (0.051) lei (0.049)

3.2 Fuzzy Keyword Search

Fig.3 describes the block diagram of fuzzy keyword search. For a fast retrieval, arcs
of CNs are indexed efficiently. Syllable name and associated posterior probability are
also labeled with each arc. In order to exactly locate occurrences of a keyword, we
improve the algorithm to record the most probable time information of the syllable in
each arc. Moreover, SCM is adopted to improve keyword recognition rate. With the
CN and SCM, keyword hypotheses are generated according to the relevance score.
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Fig. 3. Block diagram of fuzzy keyword search
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In this work, each equivalence class in the CN is defined as a slice. Then CN can
be represented as a slice vector S, ={s,,...,s,,...,sy } . Let the syllable sequence of a

keyword Q,, be {q,,....q,,,....q,, } » syllable relevance score C(m,n)is defined as:

C(m,n)=1log{(1-a)p(q,!s,,0)+aP,  (mn)} 4)

C

Pconf(m’n) = Z p(¢1 |sn’0)p(qm |¢1) . (5)

{alpes, @ eSimSet(q,,)}
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where p(q, |s,,0)is the posterior probability, ¢ is a weighting factor, P, (m,n)is
the confusion probability which is simplified by considering g, ’s most similar sylla-

bles. SimSet(q,,) and p(q, | ¢@,) are provided by the SCM. The keyword relevance

score is calculated by averaging cumulative dynamic programming (DP) score of
underlying syllables. The search procedure is to match syllable sequence Q,, with

partial slices from the start position of S, to the end.

3.3 Calculating the Entropy Information

CN is a linear graph transformed from syllable lattice, which aligns links in the origi-
nal lattice and transforms the lattice into a linear graph in which all paths pass through
all nodes. To determine whether a keyword is correct or not, it might be helpful to
take all the other arcs in the same slice into account. The posterior probability in-
cluded in the confusion network is a good confidence measure. Besides posterior
probabilities, entropy information obtained in the CN is drawing more attentions in
recent years, where not only words in the best path but also words in competing paths
are used in computing the probabilities [11, 12].

Entropy measures the difference of posterior probabilities among syllables in the
CN, and ambiguity of syllable identity can be better captured by entropy than the
posterior probability alone. Entropy for a slice is defined as:

m

E(s,)=-Y_p(1s,,0)log p(1s,,0) . 6)

i=1

where [; is the syllable in slice s, , p(l. |s ,O)is the corresponding posterior prob-

ability, m is the syllable number of s, .

To emphasize the reliability of posterior probability based confidence measure, we
propose an entropy-based approach that evaluates the degree of confusion in confi-
dence measure. By incorporating entropy information into traditional posterior prob-
ability, the new entropy-based confidence measure of a hypothesized syllable is
defined as:

Centropy (qm) = (l_ﬂ)C(m, n)+ﬂE(Sn) : 7

Deriving word level scores from syllable scores is a natural extension of the confi-
dence measure. Generally, logarithmic mean is adopted to calculate word confidence.
The formula can be written as:

1 M
CM (W) = EZ Centmpy (qm) : (8)

m=1

where M is the number of syllables in w .
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4 Experiments

We conducted experiments using our real time keyword spotting system. Acoustic
model is trained using train04, which is collected by Hong Kong University of Sci-
ence and Technology (HKUST) [13]. SCM adopted in this paper are generated using
100 hour mandarin conversational telephone speech (CTS).

4.1 Experimental Data Description

The algorithms proposed in this paper were evaluated on 2005_eval which was pro-
vided by HTRDP (National High Technology Research and Development Program).
All the data are recorded through landline telephone with local service in real world
with environmental noise. All utterances are mandarin conversational speech, but
with obvious dialect accent. Speech data are sampled at the rate of 8 kHz with 16 bit
quantization. The evaluation set includes 1543 utterances from 14 speakers and the
length totals up to 1 hour. 100 keywords were selected randomly as the keyword list.
80 percent is two-syllable Chinese words and others are three-syllable words.

4.2 Experiment Results

A common metric to evaluate the keyword spotting is its equal error rate (EER) which
is obtained from the threshold that gives equal false acceptance rate (FA) and false
rejection rate (FR). The FA fits the case in which an incorrect word is accepted, and
the FR fits the case of rejecting the correct word.

_ num.of incorrect words labelled as accepted

FA -
num. of incorrect wo rds

_ num.of correct words labelled as rejected

FR
num. of keywords * hours of testset * C

where C is a factor which scales the dynamic range of FA and FR on the same level.
In this paper, C is set to 10.

Table 3. Effect of two different syllable confusion matrixes

SER EER Relative
Beam (04 (%] SGD SCM-1 SCM-2 reduction
[%] [%] [%]
0.001 0.01 27.1 18.6 32.7 324 0.9
0.01 0.03 30.9 8.9 322 31.2 3.1
0.05 0.05 372 4.3 354 34.9 1.4

0.10 0.10 415 3.1 374 36.2 32
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Table 4. EER comparison of different methods

Methods EER [%]
CN+SCM-1 322
CN+SCM-2 31.2

CN+SCM-2+Entropy 30.7

CNs are pruned to contain only those arcs whose posterior probabilities are within
a pruning threshold with respect to the best one in each slice. The experiments of two
SCMs are summarized in Table 3. The values of syllable graph density (SGD) are
also provided. SCM-1 represents the SCM based on 1-best recognition result. SCM-2
is generated based on CN. These results clearly indicate that SCM-2 has more posi-
tive impact with different pruning beam. It’s interesting to note that when pruning
beam increased from 0.001 (without pruning) to 0.1, the relative equal error rate
(EER) reduction of using SCM-2 over SCM-1 is ranged from 0.9% to 3.2%. Optimal
weighting factor ¢ is increased in consistence.

Table 4 describes the EER performance of various techniques proposed in this pa-
per. As we can see, the improved confusion matrix provides an EER reduction of up
to 3.1% in relative. When entropy information is applied, EER has a 4.7% relative
reduction.

5 Conclusions

In this paper, we have presented an improved keyword spotting scheme which is
applied to a dialogue system. Syllable CNs are applied to extract keyword hypothe-
ses. An improved SCM is also introduced into our keyword spotting scheme. Entropy
information is integrated into posterior probability-based confidence measure to reject
false accepts. Experiments show that algorithms proposed in this paper achieve 4.7%
EER relative reduction.
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