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ABSTRACT

This paper describes our first attempt to model
accents in Japanese. We chose connected-digit
recognition as our task since its simple accent
structure will easily enable us to model its accents. We
propose to use two distinct models for each digit
according to two possible accent positions. Analysis of
the trained models seems to show that the meodels
represent alterations in the acoustics introduced by
accents, even though current models only utilize
intensity to distinguish accent. Connected digit
recognition tests show that word errors can be
decreased by up to 42% with the proposed models
compared to conventional accent-independent models.
Error analysis seems to suggest that not all digits
require accent-dependent models.

1. INTRODUCTION

Accents can provide cues to distinguish homonyms
and to increase speech recognition accuracies. Various
attempts to utfilize accents in speech recognition
gystems have been made in the past. For example, Hon
et al. have made attempts to model pitch accent in
Mandarin Chinese[l]. In Japanese, which is considered
to have pitch accents resembling Chinese, Yoshimura
et. al. have attempted to model accents using mora-
based HMM models [2]. Both of these works have tried
to model lexical accents.

In this paper, we will attempt to model the accent
variation seen for the same word in continuous speech,
and use this information to improve recognition
accuracy. We chose connected digits since the accent
variation is regular, as will be described later, and is
easy to model. Even though accents influence mainly
three parameters, namely pitch, intensity, and
duration, we will deal only with intensity here due to
the relative ease of integrating intensity into HMM
models.

2. ACCENTS IN JAPANESE
CONNECTED DIGIT STRINGS

Accents generally can be classified into two types:
stress accents and pitch accents[3]. In stress accents,
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Table 1: Accent patterns of Japanese

discrete digits.
Transcription”
Digit First Second
mora mora
1 i chi
2 ni i
3 sa N
4 YO N
5 £o o
6 re ku
7 na na
8 ha chi
9 kyu u
ze ro
0 re e
ma ru

* morae in bold letters with under-
lines show accented (high) morae.

stress, or intensity is considered to be influenced by
accent, while in pitch accents, pitch pattern 1is
considered to be influenced. English can be classified
into the former and Japanese into the latter. However,
in both cases, pitch, intensity, and duration are all
influenced by accents to some degreel4].

Accents in Japanese can generally be considered to
have two levels: low and high. The transition between
these two levels occur at mora boundaries. For discrete
digits in standard (Tokyo) Japanese dialect, the accents
are as shown in Table 1. As shown in the table, all
digits can be considered to be comprised of two morae.

When the digits are read continuously, however,
the accents are altered according to its position within
the sentence. For example, the digit string

0123 45 6789

would be typically read as:

/zelro/ fi/chi/ i/l /sa/N/ # fyo/N/ /ga/o/ # /ro/kw/ /na/ma/
’ha/chi/ /kya/w/
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where the symbols /./ denote the mora boundary, #
denotes the relatively short silences commonly
inserted between blocks of digits, and the symbol “N”
denotes the syllabic nasal. The first mora in the
sentence or after the pause is commonly not accented.
In standard Japanese, there is a transition of accent
from first to the second mora. Thus, in this case, the
second mora will be accented. The first mora in the
following digit is “pulled up” by the preceding mora in
the preceding digit. The following mora, again
according to the transition rule from first to the second
mora, will not be accented. This sequence continues
until either the end of a sentence or a block. Thus, the
position of the accented mora will cycle between second
mora and first mora starting from the first digit in the
block.

This simple structure of accents in Japanese digit
strings makes it relatively easy to introduce accents
into modeling. Two models per digit for each accent
position were created according to the two distinct
accent positions. The details will be given in the next
section.

3. ACCENT MODELING
EXPERIMENTS FOR CONNECTED
JAPANESE DIGITS

8.1 The Corpus

The corpus used in these experiments was
collected for the voice dialing task [5]. The collected
speech consisted of command phrases, such as “uchi e
denwa (call home)”, as well as continuous digit strings.
Only the latter was used for the tests described here.
All digit strings had 10 digits arranged in blocks of four,
two and four, as below:

ninongny  Nzllg  N7NgNgN](

where n; refers to an arbitrary digit. This format
simulates a common format for telephone numbers in
Japan, with a four digit area code, a two digit exchange
code, and a four digit extension code (we did not
designate them as telephone numbers to the speakers,
however). Most speakers inserted some pauses
between each block of digits.

A table-mounted linear microphone was used in
the recording, and low to moderate level of noise was
included in the background. There were 221 speakers,
112 men and 109 women. Each speaker spoke 100
sentences, of which half were digit strings.
Approximately 80% of the data for each sex was used
for training, while the remaining was used for testing.
No overlap in speakers between the test set and
traiming set exists. Overall, a total of 5447 male
utterances and 5380 female utterances were used for
training, and 2068 male and female utterances were
used for testing.

EUROSPEECH ’95, Madrid, Spain, September 1995

silence silence

silence silence silence

L2 ni_1
Figure 1. Supervision grammar for example digit string

“ichi(1) ni(2) san(3) yon(4)". Model ichi_2 refers to digit
model ichi with accent on the second mora.

3.2 The Speech Recognition System

san_2 yon_1

The recognition system used here is an LPC-based
word HMM recognizer [6). Speech is sampled at 8 kHz,
and a 10-th order LPC analysis is applied. The LPC
parameters are transformed into a feature vector. The
vector is composed of spectral energy vectors of a
synthetic filler bank with 14 mel-spaced filter banks,
its short-term differences, normalized speech level, and
some voicing indicators. As stated before, accents affect
three elements: pitch, intensity, and duration. Out of
these three, intensity is the easiest parameter to model
reliably with conventional HMM models. Thus, we
have incorporated only intensity in the form of
normalized speech level, which actually is frame
energy normalized by its long-term average. However,
as we will see in the following, this proved to be enough
for significant improvement in the performance.

The total number of raw feature elements
employed is 34. A linear transformation designed to
normalize the covariance statistics of the feature vector
is applied, and the least important features are
dropped. A unimodal Gaussian continuous distribution
model is used along with a Viterbi-style maximum
likelihood path scoring in the HMM model.

3.3 Model Training

Two models for each digit to account for the
different accent position were seeded with the same
model. A supervision grammar shown in Figure 1 was
used to train these models. The accent position of each
digit was explicitly supervised according to its relative
position within the string. An optional silence was
allowed between each digit.

Figure 2 shows the speech level, measured in
frame-wise rms value, for the female word model for
4chi (1)”. The figure shows significantly larger speech
level at the accented mora. Accent-independent models
show levels between accented and unaccented mora of
accent-dependent models. Thus, it seems that accent-
dependent modeling with the supervision grammar
shown in Figure 1 reflects the intensity changes due to
accent.

Additionally, we have also made analysis of
average pitch and duration of speech frames aligned
with these models during training. Figure 3 shows the
average pitch for speech aligned with the trained
model. As expected with pitch accents, the pitch
becomes significantly higher for the accented mora
compared to the morae without accent. Duration also
seems to be affected by accent position; speech aligned
with models with accent on the first mora showed a
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Figure 2. Speech level for trained models for female word
model “ichi”.
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Figure 3. Average pitch for frames aligned with female
word model “ichr”.

significantly longer duration than speech aligned with
models with accent on the second mora. To our
surprise, pitch alteration does not seem to be as
significant as intensity alteration even though
Japanese is thought to have pitch accents. Duration
was altered even to a lesser degree.

8.4 Recognition Test Results

Three grammars illustrated in Figure 4 were
tested using the trained models: (a) a single loop for all
models (single loop), (b) a two model-set pair loop which
allows only models with accent on second mora on odd
ordered words and models with accent on first mora on
the even ordered words (odd-even pair), and (¢) a length
constrained grammar (length-constrained). In all
cases, an optional delimiter, “no,” was allowed between
each block of digits. Three acoustic evaluation metrics,
namely pooled covariance, which assumes a single full
covariance for all states, and diagonal and full
covariances which assumes a unique diagonal and full
covariances per state respectively, were tested. Tests
with accent-independent models were included for
comparison. The results are summarized in Table 2
and Table 3.
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Figure 4. Grammar used for recognition tests. (a) a single
loop over all models, (b) loop over odd ordered, second
mora-accented and even ordered, first mora-accented
digit model pairs, and (c) full length constrained grammar
with no loop.

Table 2: Recognition test results for
connected digit recognition (pooled

covariance).

Gram | Accent | Sub. | Del. | Ins. | W.E. |
-mar | model | [%] | [%] | [%] | [%]

single aep. 14 | 042 ] 02 ] 19 |
loop indep. 1.5 04 0.2 21
0-e dep. 1.1 0.2 0.2 14
pair indep. 1.5 04 { 0.2 2.1
length dep. 0.8 0.1 0.0 1.0
constr. | indep. 1.0 0.1 0.1 1.1

Table 3: Recognition test results for
connected digit recognition with odd-even
pair grammar.

Cov Accent | Sub. | Del. | Ins. | W.E,
: model [%] [%] | (%]} [%]
. qeD. 08 1 02 1 01 | L.
dag. — T T3 03 o1 | 186
el dep. 05 | 01 [ 01 | 07
v ndep. | 09 [ 02 [ 02 | 12
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For all metrics, no significant difference was seen
between accent-dependent and independent models
with a single loop grammar (Figure 4 (a)). However,
when the odd-even pair grammar (4(b)) is used, the
word error rate decreases significantly, by 30 to 40%
with accent-dependent models. The improvement was
most significant with full covariance. With a length
constrained grammar (4(c)), even though accent-
dependent models still show lower error rate than
accent-independent models in all metrics, the
improvement is not as significant, possibly because the
grammar itself decreases the errors dramatically. The
insertions and deletions seen with the length
constrained grammar occurred in two cases: ingertions
and deletions occurring in the same sentence, or the
whole sentence being rejected, which were counted as
deletion of every word in the sentence.

It is also interesting to note that the difference in
substitution errors accounts for most of the differences
in word errors between accent dependent and
independent models. Table 4 shows the ten most
common substitution errors for the odd-even pair
grammar with pooled covariance. Some error types
have been decreased significantly (e.g. go -> no, ni ->
rei), while some have comparable errors (zero -> rei,
kyuu -> ichi). This seems to show that accent
dependent models are not effective on some digits, or to
be more precise, not effective in distinguishing some
digit pairs. Conversely, it roay be sufficient o use single
accent independent models for some of the digits.

4. CONCLUSION

We have shown that in standard Japanese, accents
for connected digit strings show a regular pattern
which makes it easy to model. Accordingly, we have
used different models for digits with different accent
positions. Currently, the only parameter which reflects
this accent is the normalized speech level. However,
even with only the speech level to distinguish accents,
word errors can be reduced by 30 to 40% with
grammars which will constrain the appropriate accent
position according to the relative position of the digit
within the string. »

All of the digit strings we have processed so far are
10 digit strings, with four digit area codes, two digit
exchange codes, and four digit extension codes.
However, the same technique should be effective for
other types of digit strings. The only factor that affects
the accent is the relative position from the beginning of
the block. The only exception to this rule is the last
digit in the block. Tests with another corpus which
includes digit strings with a wide variety of block
length [7] is currently under way. The transcription of
this corpus includes noticeable pauses between digits.
These pauses have been utilized to predict block
boundaries. Supervision grammars which supervise
accent position according to the predicted block
structure are used. Preliminary results seem to show
somewhat less but still significant reduction in errors
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Table 4: Common substitution errors with

odd-even pair grammar.

Accent Accent
Rank Independent Dependent
- Error Oce. Error Oce.
1 g0-> 74 go > 22
no no
9 ni > %5 zero -> 18
rei rel
3 yon -> o4 | WW> 1 g
no ichi
O IR I L g
ni-> go ->, 15
5 ichi 14 yon i
6 Tsy.uu'-> 13 nana -> 12
ichi maru
7 no -> ha.chl‘ -> 9
yon, ichi
3 nana -> 10 yon ->
maru, san,
hachi > kyuu >
9 i 7
1ch1 yon,
10 g0 > 8 yon ->
nana no

with the proposed scheme. Detailed results are
planned to be given at the conference.

So far, we have only dealt with speech level to
distinguish accents. However, it is clear that the
integration of pitch pattern will potentially enhance
model accuracy significantly. The challenge in
introducing pitch into models is robust estimation and
normalization procedures to cancel individuality.
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