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ABSTRACT

In this paper, we present an information retrieval sys-
tem based on recognition technology (KARS: Korea Tele-
com Automatic Recognition Sysiem). If a user com-
mands isolated Korean words over the telephone ac-
cording to the voice instruction, the system announces
telephone numbers, locations and activilies of sections
in Korea Telecom Research Center. The system is a
HMM(hidden Markov model)-based speaker-independent,
vocabulary-independent isolaied speech recognizer with
129 word recognition vocabularies.  For the vocabu-
lary-independence, we use the condext-dependent phones
and also present the feature eztraction method in which
the features for training may be different from those for
recognition. We have achieved speaker-independent, vo-
cabulary-independent recognition results of 92.6%.

Keywords: Vocabulary-Independence, Speech Recognition
System, HMM

1. INTRODUCTION

One of the representative systems commercially available
as an automatic information retrieval system is audio re-
sponse system(ARS). This system uses the push-button
keys for entering commands and the speech synthesis tech-
nology( or recorded speech) for voice output. Therefore,
users who do not own the push-button keys (MFC tele-
phone set etc.) can not use this system. Moreover, it is
difficult to enter commands except numbers.

In order to get rid of these drawings, interactive
voice technology including speech recognition is emerg-
ing. Ameritech and NYNEX in US have deployed Voice
Service Node from 1989 in which automated alternate
billing services for collect calls, third-number-billed calls,
and caling-card-billed calls are made by speech recognition
technology[1]. In Japan, Nippon Telegraph and Telephone
has combined speaker-independent speech recognition and
speech synthesis technology in a telephone information
system called ANSER(Automatic Answer Network Sys-
tem for Electrical Request). This system has provides
information services for the banking industry since its in-
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troduction in 1981[2]. In Spain, Telefénica I+D has devel-
oped AUDIOTEX that performs the speaker-independent
isolated speech recognition of twelve words. This system
has been put under field trial in Madrid[3].

However, most voice dialog systems employ speaker-
independent speech recognition in which vocabularies are
fixed. One problem of speaker-independent recognition
system is to need training on the specific vocabulary to
be recognized. The training requires tokens of each vo-
cabulary item from hundreds of different speakers. This
can be a burden for some applications which require fre-
quent updating of vocabularies. This drawback yields the
vocabulary-independence, which can specify a recognizer’s
vocabulary simply by providing a phonemic transcription
for each word.

In this paper, we present a speaker-independent,
vocabulary-independent speech recognition system. In
section 2, the overview of ICARS is presented. In section
3, we describe the task domain and database of KARS.
And feature extraction are presented in section 4. We
describe some methods for lexicon table organization in
section 5. In section 6, we evaluate the performance of
KARS. Finally, conclusion is made in section 7.

2. SYSTEM OVERVIEW

KARS is outlined in Figure 1. When speech is entered into
the system, endpoint of speech is detected and spectral
features are extracted, quantized, and sent to the dialogue
management. The dialogue management, which manages
all control flows of KARS, is designed to make the system
easy for use. HMM decoder controlled by dialogue man-
agement finds the sequence of phone models which gener-
ates the observed features with highest probability. Then,
the sequence of phone models is converted into the word
by referring to a lexicon table. We have downloaded the
recognition program into two DSP boards(TMS320C30).
They are implemented on a Sun/UNIX workstation over
S-bus. One DSP board includes an analog daughter mod-
ule for A/D and D/A conversion through telephone line.
Feature extraction and VQ encoding frame-synchronously
run on one DSP board. Another DSP boards is used for
Viterbi algorithm. It works time-asynchronously.
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Figure 1. The overview of KARS
3. TASK DOMAIN

Qur task is based on tlre information retrieval applica-
tion using 129 words which include 120 sections’ names
and 9 control words. This application requires frequent
updating of their vocabulary as the organization changes.
Therefore, vocabulary-independence make it more practi-
cal. ,

A total of 111 men and women living in Seoul each read
129 words over the telephone. They were instructed to
read each word naturally. Their ages range from 20’s to
50°s. 83 of the 111 speakers were designates as the training
set speakers and the remaining 28 were designated as test
set speakers.

For vocabulary-independence, the 129-word vocabulary
was partitioned into two disjoint subsets. One subset was
arbitrarily designated as the training vocabulary subset
and the other as the test vocabulary subset. The training
vocabulary subset and the test vocabulary subset consist
of 89 words and 40 words, respectively.

Considering the speakers and vocabulary, we can divide
the corpora into four groups as shown in Table 1.

Table 1.
SPEECH CORPORA FOR EVALUATION
Vocabulary Speaker Number
Train | Test | Train | Test | of tokens Usage
Yes No Yes No 7329 Traning
corpora
Yes No No Yes 2490 Test corpora
I for SI, VD
No Yes No Yes 1119 Test corpora
II for SI, VI
No Yes Yes No 3310 Test corpora
IIT for SD,
VI

Training corpora consists of tokens in which both vo-
cabulary and speaker are closed. We have three kinds of
test corpora. The first test corpora, which consist of to-
kens in which speaker is open and vocabulary is closed,
are used for speaker-independent(SI) and vocabulary-
dependent(VD) experiment. The second test corpora for
SI and vocabulary-independent experiment consist of to-
kens with open vocabulary and speaker. The final test
corpora consisting of tokens with open vocabulary and
closed speaker are used for SD and VI experiment.
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4. FEATURE EXTRACTION

The speech is sampled at 8 kHz over the telephone, and
is pre-emphasized with a filter whose transfer function is
1-0.95z"1. The sampled speech is then segmented into
frames. Each frame spans 20 msec and is overlapped by
10 msec. LPC analysis is performed with order 14 using
the autocorrelation method and a set of LPC driven cep-
stral coeflicients is computed from the LPC coefficients.
We apply the bilinear transform to get the mel scale. In
addition to the mel scaled LPC cepstral coefficients, we
also compute their differences, normalized log power, and
differenced log power for each frame.

In order to normalize the power, we simply subtract
the maximum power value from each power value in the
vocabulary. In a real-time system, however, we cannot
afford the delay required to estimate the speaker’s max-
imum. Therefore, we omit the power terms in the stage
of recognition even though they are used in the stage of
training.

These coefficients are then vector quantized. We used
three VQ codebooks, each with 256 codewords, using (1)
12 mel scaled LPC cepstral coefficients, (2) their differ-
ences, (3) normalized log power and its difference. Qur
VQ algorithm is based on the Linde-Buzo-Gray (LBG)
algorithm. We also assume that the three output pdf’s
are independent, which allows us to compute the output
probability as the product of the three output probability.

5. LEXICON TABLE ORGANIZATION

It is necessary to chose basic units for the speech recog-
nition system based on HMM. We choose phoneme-like
phones as the basic units. We started with an inventory
of 47 phones as subword units. Each phone is modeled to
be independent of context. The topology of our model is
similar to that of Lee’s[4]. This model has 7 states and
12 transitions. The transitions are tied into three groups.
Transitions in the same group share the same output prob-
abilities. We also expand our context-independent phone
model to context-dependent phone model. The context-
dependent phone model can capture the local acoustic
variability associated with a known context and thereby
reduce the acoustic variability. Our attempt is similar to
that of C. H. Lee’s[5].

A context-independent HMM for a phoneme is trained
using all tokens of this phoneme and invoked to evalu-
ate any instance of this phoneme during recognition. Al-
though such context-independent HMMs can be trained
reliably, the discrimination they provide is often inade-
quate because of the well known co-articulation effects in
speech. Context-dependent phone model, which models a
phoneme in a particular context, is designed to circumvent
this inadequacy. We use triphone model as the context-
dependent phone model. In triphone model, each phone
p is represented as p — pr — p — pr where pz is the pre-
ceding phone (possible silence) and pg is the following
phone (possible silence). The generation of the context-
dependent phone leads to one major problem, namely that
the number of occurrences of some of the context depen-
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dent units is insufficient to generate a statistically reliable
model. In order to deal with this problem, we use the unit
reduction rule as

I e¢lpr —p—pr) < T, then

(1) pr—p—pPr—8—p—pg,
ife(8—p~pr) > 7T

(2) pr—p~pr —pL—p—F8,
ife(pr~p—8) >T

3) p—p—prR—S$-p-38,

where ¢(p; — p2 — ps) is the count in the training set as-
sociated with the ordered triplet (p1,p2, p3) (8 is a don’t
care or wild card phone), and T is the count threshold
for applying the reduction rule sequentially through the
three cases. We can choose 102 context-dependent phone
models for training corpora.

For vocabulary-independence, we use three kinds of
techniques for the generation of lexicon table. The first
technique is the context-independent model in which the
context-independent phone model is used for the existing
and new vocabulary. The second one is the hybrid model
in which the context-dependent phone model is used
for the existing vocabulary and the context-independent
phone model is used for the new vocabulary[6]. The
third is the context-dependent model in which the context-
dependent phone model is used for the existing and new
vocabulary[7]. We obtain the context-dependent phone
model for new vocabulary as

(1) p=pL—P—pr

if pr — p — pr is already generated in the stage of training.
(2) p—8~-p-pr,

if § — p — pr is already generated in the stage of training.
(3) p‘_’PL"P—$1

if pr — p— 8 is already generated in the stage of training.
49 p—8-p-38,

6. EXPERIMENTAL EVALUATION

For training, we use an iterative procedure, Baum-Welch
algorithm. And Viterbi beam search algorithm is used on
the stage of recognition. Our criterion of beam search is
based on the threshold.

Two kinds of experiments were run. In the first exper-
iment, we used the same features for training and recog-
nition, which were mel-scaled LPC cepstral coefficients,
normalized power and differenced power. With these fea-
tures, we established three recognizers which were respec-
tively based on context-independent model, hybrid model
and context-dependent model. We compared their per-
formances with each other. The results are shown in Ta-
ble 2. Context-independent model yields the recognition
rate of 86.4% for the first candidates(called top 1), and
93.0% for the first and second candidates(called top 2),
and hybrid model gives 8§7.9% fro the top 1 , and 93.9%
for the top 2, and finally context-dependent model yields
91.8% for the top 1, and 96.1% for the top 2, The re-
sults indicate that context-dependent model gives higher
recognition rate than hybrid model when the number of
new vocabulary is less than that of existing vocabulary,
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and that hybrid model is better than context-dependent
model when the number of new vocabulary is more than
that of existing vocabulary. We can also find that the
recognition rate for new vocabulary does not have deep
relation to the selection of speaker.

Table 2.
WHEN THE SAME FEATURES ARE USED
FOR TRAINING AND RECOGNITION

(a) Context-independent model

Recog. rate(%)

Test corpora | Top 1 | Top 2
I 93.8 97.0

II "] 83.1 92.0

111 82.1 90.2
I+II+11L 86.4 93.0

(b) Hybrid model
Recog. rate(%)

Test corpora | Top 1 | Top 2
I 80.8 92.1

I 91.8 95.0

111 92.0 94.8
T4+TT+111 87.9 93.9

(c) Context-dependent model

Recog. rate(%)

Test corpora { Top 1 | Top 2
I 97.2 98.8

11 88.2 94.6

III 89.0 94.6
I+I14111 91.8 96.1

In the second experiment, we got rid of power
terms(normalized log power, differenced log power) in the
stage of recognition even though mel-scaled LPC cepstral
coefficients, their differences, normalized log power and
differenced log power were used in the stage of training.
With these features, we established the same recogniz-
ers as in the first experiment, and compared their perfor-
mances with each other. The results are shown in Table
3. Context-independent model yields the recognition rate
of 86.5% for the top 1, and 93.8% for the the top 2, and
hybrid model gives 86.3% for the top 1 , and 94.6% for the
top 2, and finally context-dependent model yields 92.6%
for the top 1, and 97.1% for the top 2.

Table 3.
WHEN THE DIFFERENT FEATURES ARE USED
FOR TRAINING AND RECOGNITION

(a) Context-independent model
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Recog. rate(%)
Test corpora | Top 1 | Top 2

I 91.6 97.3
1I 83.7 92.4
IIT 83.6 91.7

I+114-111 86.5 93.8

{b) Hybrid model

Recog. rate(%)
Test corpora | Top 1 | Top 2

I 74.5 91.8
I1 92.9 96.6
111 93.1 96.6

T4+ 114111 86.3 94.6

(¢) Context-dependent model

Recog. rate(%)
Test corpora | Top 1 | Top 2

I 97.0 99.2
11 89.7 96.3
111 90.3 95.9

I+11+111 92.6 97.1

Comparing Table 2 with Table 3, we can find that the
use of different features for training and test reduces the
error rate of 9.7% than the use of same features when
the context-dependent model is used. Finally, we com-
pared the recognition rate with regard to ages and sexes
as shown in Fig. 2. The results show that the recogni-
tion rate of male is similar to that of female, and that the
recognition rate slows down as the ages gets older.

90 - -

80

]
]

Recognition rate

70
20M 20F 30M 30F 40M 40F SOM S50F

Figure 2. Recognition results with regard to ages and sexes

7. CONCLUSION

In this paper, we described KARS which was a speaker-
independent, vocabulary-independent speech recognition
system. The KARS is 2 HMM-based isolated speech rec-
ognizer with 129 word vocabulary over the telephone. We
used the phoneme-like subwords of Korean speech as the
basic recognition unit.

For vocabulary-independence, we presented the fea-
ture extraction method in which the power terms might
be omitted for recognition even though the mel-scaled
LPC cepstral coefficients, their differences, normalized log
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power and differenced log power were used for training.
This reduced the error rate of 9.7% than the conventional
method in which the same features for training and recog-
nition were used.

We also presented context-independent model, hybrid
model and context-dependent model as some techniques
for the organization of lexicon table, and compared their
performances with each other. The results indicates that
context-dependent model gives higher recognition rate
than hybrid model when the number of new vocabulary
is less than that of existing vocabulary, and that hybrid
model is better than context-dependent model when the
number of new vocabulary is less than that of existing
vocabulary. For our application, the context-dependent
model with the use of different features for training and
recognition gives the best recognition rate of 92.6%.

In the near future, we will perform the same experi-
ments over the public switched telephone network.
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