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ABSTRACT

This paper investigates the performance
of speaker-independent (SI) acoustic hid-
den-Markov-models (HMMs) trained with a
huge Japanese speech database, and discusses
the e�ciency and task-independency involved.
The database consists of read and spontaneous
speech uttered by 3,771 speakers. The speech
involves wide distributions with respect to re-
gion and age to capture the Japanese speech
characteristics as best as possible. Recognition
experiments using the spontaneous speech show
that task-independent acoustic models can be
created when training data with a huge number
of speakers is available.

Age M (%) F (%) Total (%)
10s 271 (19.6) 486 (20.3) 757 (20.1)
20s 827 (59.9) 1253 (52.4) 2080 (55.2)
30s 176 (12.7) 404 (16.9) 580 (15.4)
40s 77 ( 5.6) 182 ( 7.6) 259 ( 6.9)
50s 27 ( 2.0) 62 ( 2.6) 89 ( 2.4)
60s 3 ( 0.2) 3 ( 0.1) 6 ( 0.2)

Total 1381 (36.6) 2390 (63.4) 3771 (100.0)

Table 1. Number of male and female
speakers for each age-group

Region M (%) F (%) Total (%)
N 123 ( 8.9) 151 ( 6.3) 274 ( 7.3)
NE 77 ( 5.6) 122 ( 5.1) 199 ( 5.3)
CE 223 (16.1) 445 (18.6) 668 (17.7)
C 260 (18.8) 418 (17.5) 678 (18.0)
CW 407 (29.5) 663 (27.7) 1070 (28.4)
W 96 ( 7.0) 196 ( 8.2) 292 ( 7.7)
SE 56 ( 4.1) 98 ( 4.1) 154 ( 4.1)
SW 138 (10.0) 293 (12.3) 431 (11.4)
Others 1 ( 0.1) 4 ( 0.2) 5 ( 0.1)

Total 1381 (36.6) 2390 (63.4) 3771 (100.0)

Table 2. Number of male and female
speakers for each region

1 INTRODUCTION

It is assumed that a database with variety in
the target language may be needed to create ef-
�cient SI HMMs. To con�rm this assumption, a
database designed to fully consider wide distri-
butions with respect to region and age is neces-
sary. However, publicly available Japanese con-
tinuous (read or spontaneous) speech databases
had included at most a few hundred speakers.
To address this, we collected a Japanese

speech database of 3,771 speakers so as to cover
a wide variety of spoken Japanese [5]. This pa-
per investigates the performance of SI HMMs
trained with this database, and discusses the
e�ciency and task-independency involved. In
Section 2, the database details are provided. In
Section 3, we describe SI speech recognition ex-
periments using this database and a di�erent
database and discuss the performance.

2 SPEECH DATABASE

The data was collected between 1995 and 1998
in 47 cities over eight regions throughout Japan:
north (N, Hokkaido), north-east (NE, Tohoku),
central-east (CE, Kanto incl. Tokyo), central
(C, Chubu incl. Nagano), central-west (CW,
Kansai incl. Osaka and Kyoto), west (W,
Chugoku), south-east (SE, Shikoku), and south-
west (SW, Kyushu incl. Fukuoka). Tables 1
and 2 list the numbers of speakers for each age-
group and region.
Each speaker read several words and dozens

of phoneme-balanced sentences, and sponta-
neously uttered a dialogue. The words were
selected from Japanese-language proverb, ge-
ographical, and loan-word dictionaries so as
to widely cover phoneme contexts in spoken
Japanese. The dialogue was designed for an ap-
pointment scheduling task involving two speak-
ers planing to meet each other. A simple cal-
endar or map on which only short words and
iconi�ed symbols were printed was handed to
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Type # of utterances Length
Dialogue 32,914 53.4 h
Sentences 112,660 127.6 h
Words 31,589 13.8 h

Table 3. Number and length of utterances
for each speech type

Microphone condenser (SONY C-355)
Sampling freq. 48 kHz
Quantization 16-bit linear
Environment quiet recording studio

Table 4. Recording conditions

each speaker to promote spontaneous utter-
ances. The speakers had no facial contact during
their conversations. Table 3 lists the number of
utterances for each speech type. The recording
conditions are summarized in Table 4. We term
this database the appointment scheduling task
database.

3 EXPERIMENTS

3.1 Experimental Conditions

We carried out SI speech recognition experi-
ments using our recognizer ATRSPREC [1].
For acoustic modeling, gender-dependent

shared-state HMMs with multiple Gaussian
mixture components per state [2] were used.
These HMMs were triphone models and the
number of allophones that were expanded was
3,200 to 3,500. A 25-dimensional feature
vector (12-dimensional MFCC, 12-dimensional
�MFCC, and �power) computed with a 20 ms
window duration and a 10 ms frame period was
used. Here, cepstrum mean subtraction was ap-
plied for each utterance.
For training, spontaneous speech from di-

alogues of the appointment scheduling task
database was used. To investigate the impact
of the number of speakers on recognition ac-
curacy, we de�ned four databases subsets and
used them for SI HMM training: all speakers
except for speakers for evaluation (\S"), a half
of all speakers (\S/2"), a quarter of all speakers
(\S/4"), and an eighth of all speakers (\S/8").
Moreover, to investigate the task-independency,
comparative SI HMMs with �ve mixture compo-
nents and 1400 states were created using a dif-
ferent database of the travel arrangement task
database (\T") [4]. Table 5 lists the numbers
of speakers and lengths of utterances for each
training set.

Training Gender # of Length
set speakers
S F 2310 32.0 h

M 1321 19.3 h
S/2 F 1155 15.8 h

M 661 9.8 h
S/4 F 578 8.2 h

M 331 4.9 h
S/8 F 289 4.0 h

M 166 2.4 h

T F 240 3.0 h
M 167 2.0 h

Table 5. Numbers of speakers and lengths
of utterances for each training set

For language modeling, multi-class compos-
ite N-gram models [3] trained with both the
appointment scheduling task and the travel
arrangement task databases were consistently
used in all experiments.

For evaluation, to investigate a problem
of speaker variation and task-independency,
we prepared four evaluation sets: 20 fe-
male and 20 male speakers randomly selected
from the appointment scheduling task database
(\s[random]", total 371 utterances), 12 female
and 12 male speakers from the appointment
scheduling task database showing a compara-
tively higher performance in preliminary recog-
nition experiments (\s[easy]", total 210 utter-
ances), 12 female and 12 male speakers from
the appointment scheduling task database show-
ing a comparatively lower performance in pre-
liminary recognition experiments (\s[di�cult]",
total 204 utterances), and 42 speakers ran-
domly selected from the travel arrangement
task database (\t[random]", total 551 utter-
ances). The dictionary size for this evaluation
was 27,398 words.

3.2 Results with Di�erent Numbers of
States and Mixture-Components

Table 6 lists word accuracies for di�erent num-
bers of mixture components f5, 10g and states
f1400, 2100, 2800g with SI HMMs made using
training set \S". Using 10 mixture components
was found to lead to a stable performance; there
was not a great di�erence between the numbers
of states. In this experiment, 10 mixture com-
ponents and 1400 states were found to be suit-
able. In the following experiments, therefore,
these numbers were used as the default values.



Gender # of mixtures # of states Evaluation set
s[random] s[di�cult] s[easy]

1400 86.9 [1.9] 70.0 [2.5] 92.8 [1.5]
5 2100 86.5 [1.9] 69.9 [2.5] 92.2 [1.6]

F 2800 87.1 [2.0] 70.0 [2.5] 92.1 [1.7]
1400 87.5 [2.4] 73.6 [3.1] 93.1 [2.0]

10 2100 87.0 [2.5] 70.9 [3.2] 92.6 [2.1]
2800 87.2 [2.6] 71.2 [3.2] 93.1 [2.2]

1400 81.4 [2.7] 66.8 [4.3] 89.8 [2.2]
5 2100 81.1 [2.7] 68.7 [4.2] 89.7 [2.2]

M 2800 80.9 [2.7] 68.4 [4.2] 89.5 [2.3]
1400 81.6 [3.4] 69.7 [5.1] 91.1 [2.7]

10 2100 82.2 [3.4] 69.1 [5.2] 90.6 [2.8]
2800 82.4 [3.5] 69.6 [5.2] 90.7 [2.9]

Table 6. Word accuracies (%) for di�erent numbers of mixture components and states
([ ] real time factor)

Gender Training set Evaluation set
s[random] s[di�cult] s[easy]

S 87.5 - 73.6 - 93.1 -
F S/2 87.2 [2.4] 72.2 [5.3] 92.9 [2.9]

S/4 86.4 [8.8] 69.7 [14.8] 92.9 [2.9]
S/8 86.0 [12.0] 69.0 [17.4] 90.9 [31.9]

S 81.6 - 66.3 - 91.1 -
M S/2 80.9 [3.8] 65.1 [3.6] 91.1 [0.0]

S/4 78.9 [14.7] 62.5 [11.3] 90.9 [2.2]
S/8 77.7 [21.2] 61.3 [14.8] 89.4 [19.1]

Table 7. Word accuracy (%) for each training set ([ ] error rate increase compared to
\S" (%).)

3.3 Speaker Size E�ect

Table 7 lists word accuracies with SI HMMs
made using training sets \S" to \S/8", and er-
ror rate increase compared to the SI HMMs
trained with \S". As the number of speakers
in the training set increases, the word accuracy
increases and the error rate increase decreases.
For \s[easy]", the di�erences in the error rate in-
creases from \S/8" to \S/4" are signi�cant, and
after that the di�erences seem to become nearly
saturated. For \s[random]" and \s[di�cult]",
the error rate increases from \S/8" to \S" al-
most monotonously drop. This indicates that
more training data should enhance the perfor-
mance for \s[random]" and \s[di�cult]".

3.4 Cross-Task E�ects

Table 8 lists word accuracies under cross-
task conditions. For cross-task evaluation set
\t[random]", the SI HMMs made using train-
ing set \S" performed better than those for \T"

in the matched-task case. This result indicates
that task-independent SI HMMs can be created
when training data consisting of a huge num-
ber of speakers is available. In this experiment,
for evaluation set \t[random]", the cross-task SI
HMMs trained from the 909 speakers of \S/4"
performed almost the same as the matched-task
SI HMMs trained from the 407 speakers of \T".
The amounts of training data in \S/8" and \T"
were almost the same, but the SI HMMs trained
with \S/8" performed better in a cross-task set-
ting than those trained with \T". This might
be caused the travel arrangement task database
includes more speech in informal speaking style
than the appointment scheduling task database.
For the problem of speaking style, further inves-
tigations are necessary.

4 DISCUSSION

It has been reported that there is almost no
advantage in having more speakers if the total



Training set Gender Evaluation set
s[random] t[random]

S F 87.5
88.5M 81.6

S/2 F 87.2
87.8M 80.9

S/4 F 86.4
87.5M 78.9

S/8 F 86.0
85.7M 77.7

T F 80.6
87.4M 72.7

Table 8. Cross-task word accuracy (%)

amount of speech is �xed through SI recognition
experiments comparing the performance using
600 sentences each from 12 speakers and a total
of 7,200 sentences from 84 speakers in the Wall
Street Journal (WSJ) corpus [6]. To con�rm
this in SI recognition experiments using sponta-
neous speech, we conducted experiments using
two sets of SI HMMs made using two training
sets: \(S/4)/2" consisted of the same speaker
set as \S/4" but one-half the number of utter-
ances for each speaker, and \(S/2)/4" consisted
of the same speaker set as \S/2" but one quar-
ter the number of utterances for each speaker.
The total lengths of the utterances for \S/8",
\(S/4)/2", and \(S/2)/4" were nearly the same,
but the numbers of speakers and utterances for
each speaker di�ered: 455 speakers and nine ut-
terances per speaker on average (about 50 sec)
for \S/8", 909 speakers and �ve utterances per
speaker for \(S/4)/2", and 1816 speakers and
three utterances per speaker for \(S/2)/4".
Table 9 compares word accuracies averaged

for female and male speakers for the SI HMMs
of \S/8", \(S/4)/2" and \(S/2)/4". No signi�-
cant di�erences can be observed between them.
This table con�rms that, given databases of the
same length, speaker coverage does not play an
important role. When the number of speakers

Training Evaluation set
set s[ran.] s[dif.] s[easy] t[ran.]
S/8 81.9 65.2 90.2 85.7
(S/4)/2 80.5 64.8 90.2 86.6
(S/2)/4 81.4 63.7 90.7 85.8

Table 9. Word accuracies (%) for di�erent
numbers of speakers but the same length
of utterances

is huge, only a few utterances for each speaker
might be enough for training SI HMMs.

5 CONCLUSIONS

This paper investigated the performance of SI
HMMs trained using a huge subset of an ap-
pointment scheduling task database. When us-
ing 3,631 speakers for the training of acoustic
models, the models achieved a performance of
88.5 % for a cross-task evaluation set, higher
than the performance of the models for a
matched-task training set. Finally, we con-
�rmed that task-independent acoustic models
can be created when training data involving a
huge amount of data is available.
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