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ABSTRACT

This paper describes a Korean continuous speech recog-
nition system using phone based semi-continuous hid-
den Markov model (SCHMM) method for the Auto-
matic Interpretation. The task domain is hotel reser-
vation. The system has the following three features.
First, an embedded bootstrapping training method that
enables us to train each phone model without phoneme
segmentation database is used. Second, a hybrid es-
timation method which is composed of the forward-
backward algorithm and the Viterbi algorithm is pro-
posed for the HMM parameter estimation. Third, a
between-word modeling technique is used at function
word boundaries. The recognition results in speaker
independent experiments are as follows. In the case of
Version 1, continuous speech recognition result is 89.1%
and in Version 2, the result is 97.6%.

1. INTRODUCTION

Recently, speech recognition technology has been im-
proved and shown the possibility to be used in real
meaningful domain with continuous speech. To go with
this situation, we have made a continuous speech recog-
nition system, which is near practical use, for auto-
matic interpretation [1]. The fundamental structure of
an automatic interpretation system is depicted in Fig-
ure 1.

As shown in Figure 1, the whole system is composed
of speech recognition, machine translation, and speech
synthesis. The speech recognition part of Figure 1 is
the most critical factor of our system performance. So,
we will mainly describe the speech recognition part.
The whole interpreting system will be described at the
EUROSPEECHY5 if possible. We select hotel reserva-
tion task to construct a practical automatic interpreta-
tion system between Korean and Japanese or between
Korean and English.
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Figure 1: The fundamental structure of the au-

tomatic interpretation system between Korean and
Japanese/English.

2. TASK DOMAIN AND PREPROCESSING

2.1. Task Domain

The hotel reservation task has two kinds of vocabu-
lary sets. The first one is a word and sentence set re-
lated to customer-side speaking such as hotel reserva-
tion, reservation change, reservation cancellation, and
room exchange. This vocabulary is a set of 244 words
and word-phrases including digits (room numbers and
dates), English alphabet, etc[2]. The meaning of the
word-phrase will be described in Section 4.

The other one is a word and sentence set related to
hotel front-desk-side speaking. This vocabulary is a set
of 242 words and word-phrases including digits related
to dates, 167 Japanese surnames, etc. These data sets
are shown in Table 1.

To reflect real situation, it is good to get data from
real situation. But, we chose these speech data from
virtual scenario for convenience. We made domain sen-
tences for the two vocabulary sets from predefined fi-
nite state network grammars. These grammars have
74 sentence types and 26 types for the both data sets,
respectively.

Correct pronunciation dictionary for training data
is important to make a good speech recognizer espe-
cially for our system which is trained on unlabeled
speech. The detail informations of the pronunciation
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Data sets Train Test
customer | Words 244 x 40 M | 244 x 11 M
side Sentences | 110 x 40 M | 110 x 11 M
front desk | Words 242 x 40 M | 242 x 10 M
side Sentences | 93 x 40 M 93 x 10 M

Table 1: Speech databases for the each side. The words
pronounced by each speaker are the same ones for both
data sets, respectively. But, the sentences pronounced
by each speaker are different from other sentences. All
speakers pronounce words and sentences only one time.
The M means the male speakers.

dictionary are covered in [2].

2.2. Preprocessing

We use four codebooks, each with 256 entries, that use
(1) 12 LPC cepstral coefficients; (2) 12 delta LPC cep-
stral coefficients; (3) 12 delta delta LPC cepstral co-
efficients; and (4) normalized log power, delta power,
and delta delta power. For end point detection, we use
sequential method which is varied from [3] for demon-
stration. Preprocessings are done as follows:

sampling rate 16kHz

AD precision 16bit
preemphasis H(z) =1—0.95z"!
analysis window 20msec
analysis interval 10msec
Hamming window
LPC-cepstrum 20 order

Band lifter

3. TRAINING

3.1. HMM Topology

The Figure 2 shows the HMM topology used in our
HMM-based speech recognizers, Version 1 and Ver-
sion 2. This HMM topology for each context depen-
dent phone like unit (CD_PLU) is a simple left-to-right
model with 3 states and 8 transitions. The transitions
are tied into three groups for robust estimation of out-
put probabilities. Transitions in the same group, rep-
resented by B, M, and E, share the same output prob-
abilities [4, 5]. This model assumes that there are at
most three steady states for a CD.PLU, which are in-
dicated by the self-loops. The HMM model for silence
has additional null transition which is not associated
with output symbol. This assumption allows optional
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Figure 2: The HMM Topology for each triphone.

silence to exist at the start of a sentence, at the end of
a sentence, and between phrases.

3.2. CD_PLU Training

There are two approaches to train CD_PLUs for both
side data sets. First, it is a customer-side training
method and is the case of the Version 1. In this train-
ing procedure, we run training in two stages. The
first stage is the training based on the word database
and then the second one is the training on sentence
database. This method was described [2] in detail. The
second approach, however, to train CD_PLUs for front
desk-side set is that it runs on the word and sentence
data together in only one stage, and this is case of the
Version 2. It is a merged training method compared
with training one in [2]. In the Figure 3, we used the
duration information of 51 contexi-independent pho-
netic models for initial segmentation of the word and
sentence database like [2]. We then run the forward-
backward (FB) algorithm and segmental k-means (SKM)
algorithm [6] on the word and sentence database to-
gether.

The above training procedures lead to one major
problem, namely that the number of occurrences of
some of the CD_PLU units is insufficient to generate
a statistically reliable model. So, we followed the re-
duction rule described in [3]. But, the order of triplet,
a_b_c, is different from [3]. In the triplet, b is the left
context phone, ¢ is the right context phone, and a is
the current phone. In Figure 4 (B), the # denotes a
don’t care condition.

To train the SCHMMSs, we used the hybrid algo-
rithm which first segments speech into the unit of CD_PLU
by the Viterbi decoding and then uses FB algorithm
within each CD_PLU boundary. This algorithm re-
quires less computation than full FB algorithm which
is applied to the whole utterance. The FB algorithm
considers all paths and the SKM considers only the
best path, and our hybrid algorithm considers the best
path in the inter-CD_PLU and full paths in the intra-
CD_PLU.
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Figure 3: Training procedure for the front-desk side
data set to estimate CD_PLU parameters.

4. RECOGNITION

4.1. FSN as a Language Model

In the developed systems, Version 1 and Version 2, we
adopted a finite state network (FSN) grammar as a lan-
guage model. This FSN is usually not a proper gram-
mar for the language whose word order is not important
like Korean compared with English. But, because this
FSN can represent the syntactic and semantic restric-
tions and can reduce search space in recognition stage,
we used the FSN as a language model of our baseline
system. Figure 4 (C) shows one example of the FSNs
in the customer-side task. In Figure 4 (C), each node
means words which are able to construct all legal sen-
tences in this situation.

The main difference between 1) customer-side ex-
periment (Version 1 recognizer) and 2) hotel front-side
experiment (Version 2 recognizer) is that the only Ver-
sion 1 uses dialog managing. In the case 1), all sen-
tences were classified into 9 categories according to the
customer’s speaking patterns [2]. Therefore, In recog-
nition stage, one proper network of 9 FSNs is selected
by a managing program according to the speaking sit-
uations between hotel front desk clerk and guest. By
this situation control, recognition time is reduced. The
managing program and the Viterbi program are run-
ning at the same time. In the case 2), however, because
this data set and sentence type are more simple than
former, there is only one FSN without categorizing the
sentences.

4.2. Between Word Modeling

Korean is an agglutinative language in which the post-
positional word (function word) shows syntactic rela-
tion of its preceding words. And, the function words al-
ways used with preceding words without putting space
between two preceding and function words. We call
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Figure 4: (A) Expanded HMM states according to
HMM topology, (B) triphones as a CD_PLU, (C) FSN
for a situation.

this pair of words as word-phrase. Although the func-
tion words form independent word groups in a sepa-
rate node in Figure 4 (C), the words in a word-phrase
are pronounced like one word. So, the function words
shows strong coarticulation and we cannot treat them
as separated words. To solve this problem, we used the
between-word modeling [2, 4].

4.3. Implementation of a Continuous Speech Rec-
ognizers

We incorporate word and sentence knowledge into our
recognizers in the following manners: Each word is Tep-
resented as a network of CD_PLUs (in Figure 4 (B)
which encode the way the word can be pronounced.
The FSN grammar can be represented as a network
whose nodes are words, and the network encodes all
legal sentences. We can then take the FSN gram-
mar network, instantiate each word with the network
of CD_PLUs, and then instantiate each instance of a
CD.PLU- with its HMM (in Figure 4 (A)). Then we
have a large HMM that encodes all the legal sentences.
By placing all the knowledge in the data structures
of the HMMs, it is possible to perform a global search
that takes all the knowledge into account at every step.
This integrated search is implemented in our continu-
ous speech recognition systems, Version 1 and Version
2

In addition to the above data structure, we added
following data structure to obtain another information
in recognition stage. The structure consists of 6 fields:
Fsn_node, Word.id, CD_PLU id, State.id, In, and Out,.
It gives us easy method to search best path and once
we know present HMM state number at any step, it
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[ Data sets | Close experiment | Open experiment
[ Version 1 95.6 , 90.1
| Version 2 99.3 97.3

Table 2: Speaker independent isolated-word recogni-
tion rates (in the Top 1 case) for Version 1 and Version
2 experiments (unit: %).

gives immediately us CD_PLU, Word, FSN node infor-
mation, and etc. Therefore, it is convenient to picture
an overall view in recognition stage: The detail descrip-
tions of the fields are covered in [2]. -

In our systems, we used Viterbi beam search ([7])
as a search algorithm and used partial Viterbi back-
tracking in demonstration. Especially, In the case of
Version 1, we considered beam search strategy using
a fixed beam width as a pruning threshold and in the
case of Version 2, we considered the threshold value
and the number of survived states as some constraints.

5. RESULTS AND ANALYSIS

To evaluate our system, we took two kinds of exper-
iments. The first one is an isolated word recognition
experiments shown in Table 2, and the second is a con-
tinuous speech recognition experiments shown in Ta-
ble 3. The recognition results of the SCHMM and the
DHMM methods are covered in [2].

In speaker-independent continuous speech recogni-
tion experiments, the recognition results have various
accuracy, from 86.2% to 98.1%, according to the 9 cat-
egories in the case of Version 1. The Table 3 shows the
average recognition results for Version 1 and shows the
one result for Version 2 which is using only one FSN.

The main reasons for the obtaining of the results
like Table 3 as follows. First, the data set and the sen-
tence type for Version 2 (although the branching factor
is 167 for the case of Japanese surnames at a decision
point, most of the branching factor is 1. As a result,
the perplexity is 1.4) are more simple than that of Ver-
sion 1 (the perplexity is 4). Second, training approach
of Version 2 is different from Version 1. Namely, to
train CD_PLUs for Version 2, we used both word and
sentence data together in only one stage.

6. CONCLUSIONS

We made a Korean continuous speech recognition sys-
tem for automatic interpretation for the hotel reser-
vation domain using SCHMM with finite state net-
work grammar. In the system, embedded bootstrap-

Data sets Including Excluding
insertion err. | insertion err.

Version 1 89.1 91.2

Version 2 97.6 97.8

Table 3: Continuous speech recognition rates for Ver-
sion 1 and Version 2 experiments. (unit: %)

ping method, hybrid reestimation method, and between
word modeling are used for training. We especially
adopted a merged training approach compared with
[2] to recognize a sentence in the case of Version 2.
We also constructed demonstration system for the both
side Versions. The recognition time of the Version 2 is
faster 7 times than Version 1.
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