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Abstract

More and more e�orts have been recently made
to apply speech technologies to language learning[1]{
[4]. The authors have been especially focusing on
Japanese manners of generating English word stress.
This is because accentuation habits inevitable to
Japanese learners can be easily found in their stress
generation. In our previous studies, a stressed syl-
lable detector and an accentuation habit estimator
were developed[5]{[7], where the estimated habits of
individual learners accorded well with their English
pronunciation pro�ciency rated by English teachers.
However, the estimation methods in our previous
studies required several dozens of word utterances or
a relatively large amount of computation even when
a single word utterance enabled the estimation. In
this paper, we investigated a method which required
only a single word utterance with a small compu-
tation cost. Results showed that similar tendencies
can be found between the habits estimated in our
previous study and those in the current one.

1. Introduction

Rapid internationalization imposes two di�erent
tasks on speech engineers. One task is developing
domain-independent speech-to-speech interpreters,
using which humans are allowed to speak only their
mother tongues. The other task is applying speech
technologies to assisting humans' second or third lan-
guage learning, where they can learn the language
e�ectively and e�ciently. Comparison between the
ability of computers and that of humans to process
spoken languages allows us to suppose that complet-
ing the latter is more practical and realistic.

In applying speech technologies to assisting lan-
guage learning, it is very important to consider char-
acteristics of the native language of the learner and
those of the target language. As is well known, En-
glish and Japanese are quite di�erent linguistically
and phonetically. And we can easily �nd pronuncia-
tion habits in English spoken by Japanese. One typi-
cal example is word accent. Although word accent is
linguistically almost the same between Japanese and
English, it acoustically di�ers between them. This
phenomenon causes an accentuation habit inevitable

to Japanese learners. Since Japanese word accent is
characterized by an F0 contour of the word, Japanese
learners tend to generate English word accent mainly
by manipulating F0[8], although it should be gen-
erated by controlling four acoustic factors of vowel
quality, power, F0 and duration[1].

In our previous study, a method of estimating the
accentuation habit was proposed[6], where the habit
was de�ned as acoustic features dominantly used for
accent generation and they were estimated by using
an HMM-based stressed syllable detector[5]. And a
method of visualizing the estimated habit was also
proposed[6], where the abstract and integrated rep-
resentation of the above four factors was realized.
Experiments showed that the visualized habits cor-
responded well to pronunciation pro�ciency scores of
individual learners rated by four English teachers.

In [6], however, the estimation could be done only
after a learner pronounced several dozens of words
because the habit estimator utilized stressed syllable
detection rates. Although a method was proposed to
estimate the habit with a single word utterance[7],
it required a relatively large amount of computation.
In this paper, we propose a new method which uses
ratios of likelihood sub-scores and enables the habit
estimation by using only a single word utterance with
a small computation cost. By adopting the proposed
method, feedback on the habit can be provided for
a learner interactively, which should surely motivate
him or her for learning further continuously.

2. Automatic estimation of the

accentuation habit

2.1. Modeling (un)stressed syllables[5]

Speech samples were digitized with 12 kHz and 16
bit sampling. The 14-th order LPC analysis was car-
ried out using 21.3 msec window length and 8.0 msec
frame rate. F0 and power were also extracted with
the same rate and, after being transformed to loga-
rithmic scale, they were normalized to have zero as
mean values over each sample. The following three
streams were used to make a parameter vector; 1)
the �rst four ones of LPC mel cepstrum coe�cients
and their �s, 2) power and its �, and 3) F0 and its
�. Using this parameterization, Continuous Den-
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sity HMMs (CDHMMs) with duration control were
built assuming no correlation between any two of the
above three streams. In this study, English sylla-
bles were classi�ed into 48 syllable groups in terms of
their accentual, positional and structural attributes.
And each of the groups was modeled by the above
CDHMMs.

2.2. Detection of stressed syllables[5]

Using the syllable group HMMs, a stressed sylla-
ble detector was implemented based upon the max-
imum likelihood criterion using a word-level score.
An input word was matched with candidate stress
patterns. A candidate stress pattern was formed as
a concatenation of a stressed HMM and unstressed
ones. In the detection, a syllabic transcription of the
word, the number of syllables and that of stressed
syllables of the word (one in this study) were all
treated as given. The position of the stressed HMM
in the concatenation which produced the highest
word-level score was identi�ed as stressed .

2.3. Estimation of the accentuation habit[6]

In the matching procedure, the Viterbi score at time
t and state i is calculated as

f(i; t) = max
j;�
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where aji, di(�) and bsi (y
s
t ) indicate a transition prob-

ability, a duration probability, and an output prob-
ability density of a sub-vector respectively. A sub-
vector yst indicates one of cepstrum-, power-, and
pitch-related parameters. And � and �s are weights
of di(�) and bsi (y

s
t ). This equation can be interpreted

such that the score is obtained by integrating the
sub-scores of the observed acoustic features on vowel
quality (b1i (y

1

t )), power (b
2

i (y
2

t )), pitch (b3i (y
3

t )) and
duration (di(� )) with their weights �s and �.

In the training phase, all the weights were �xed
to be 1.0. However, this weight combination is eas-
ily supposed not to be the optimal combination for
stress detection especially for non-native learners.
Increase of a weight in the detection phase is mainly
interpreted to emphasize its corresponding feature.
Therefore, the optimal combination is thought to re-

ect the acoustic feature dominantly used for stress
generation, which is called the accentuation habit of
individual learners in the current study.

2.4. Visualization of the Estimated Habit[6]

The optimal combination was decided out of a pre-
pared set of weight combinations. For duration
weight (�), it was varied from 0.0 to 20.0 with a step
of 0.5, which gave us 41 variations. As for the other
weights (�s), they were varied satisfying a conditionP

s �s = 3:0 (�s � 0). In other words, f�sg were
prepared so that they were distributed evenly on
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Figure 1: Distribution of weight combinations of f�sg
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Figure 2: The representative triangle of the habit

a triangle, a pitch/spectrum/power triangle, shown
inFigure 1. The number of combinations is 28. The
visualization of the pronunciation habit could be ob-
tained by representing detection rates at individual
dots by di�erent colors. But since a triangle could be
drawn per duration weight, a learner came to get as
many as 41 triangles. So the representative triangle
was derived as an expected pattern of the 41 trian-
gles along with a duration weight axis. An example
of the resulting representatives is shown in Figure 2,
where two double circles indicate the maximum and
the minimum of detection rates, henceforth the max-
imum/minimum circle. In our previous work[6], the
high accordance was observed between the visualized
habits of individual learners and their English pro-
nunciation pro�ciency. In this method, however, the
estimation could be done only after a learner pro-
nounced tens of words. To make up this defect, a
method of instantaneous estimation requiring only a
single word utterance is devised below.

3. Instantaneous and rapid estimation
of the accentuation habit

3.1. Instantaneous estimation of the habit[7]

In our previous study[7], a method for the instan-
taneous estimation was proposed, where likelihood
ratios at each weight combination were calculated as

logR(w) = logL(wj�c)�max
j 6=c

logL(wj�j): (1)

Here, w is an input word. And �j and �c indicate
HMMs for stress pattern j and those for the intended
(correct) pattern respectively. Using logR(w) at
each dot, a triangle was drawn and the weight combi-
nation which maximized the di�erence between the
likelihood score of the correct pattern and the high-
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est score of the other competing patterns was treated
as the accentuation habit. A representative pattern
of the 41 triangles was simply de�ned as an aver-
age pattern along a duration weight axis. The to-
tal number of likelihood calculations of HMMs is
28� 41�(number of syllables in word).

3.2. Instantaneous and rapid estimation

In the previous section, the habit was estimated and
visualized by comparing likelihood ratios at every
weight combination. Therefore, it was required to
calculate a likelihood score a large number of times.
To reduce the computation cost, in this paper, we use
a ratio of likelihood sub-score ratios of each feature.

Firstly, the likelihood sub-score of feature s is cal-
culated as

logLs =
X
V

log bsi (y
s
t )

�s
; s = 1; 2; and 3; (2)

where V is the Viterbi path obtained in Section 2.3
and all the weights of f�sg are �xed to 1.0. Secondly,
for feature s, the likelihood sub-score ratio, Rs, is
calculated in the following equation.

logRs(w) = logLs(wj�c)� Ls(wj�J) (3)

�J is the stress pattern which maximizes the total
score of the competing patterns in Equation (1) in
the case of f�sg = (1:0; 1:0; 1:0). And the maximum
of the three Rss is multiplied by n for emphasizing
the accentuation habit. In this study, n = 2 is ex-
perimentally used. Finally, the ratio of likelihood
sub-score ratios of each feature is calculated as

Qspe =
logR1P
s logRs

; Qpow =
logR2P
s logRs

; Qpit =
logR3P
s logRs

:

(4)
log Rs sometimes turns out to be negative. In these
cases, log Rs is �xed to be 0.0. By using Q values,
the accentuation habit is drawn almost in the same
manner as in the previous studies. The total number
of likelihood calculations is only \number of syllables
in word".

3.3. Evaluation of the proposed method

To evaluate the proposed method, several exper-
iments were designed and carried out. The stressed
HMMs and the unstressed ones were built for each
syllable group using speech samples of Table 1, which
are a part of ATR English word database. And using
the HMMs, whole pronunciation habits and partial

Table 1: Speech samples for training HMMs
set #spk native lang. vocab. size #words

B 1 British 3,334 3,334

Table 2: Speech samples for evaluating the method
set #spk native lang. vocab. size #words

A 7 American 381 546

J 7 Japanese 60 341

habits of individual speakers of set A and J were es-
timated and visualized. Here, the whole habits are
those estimated by using multiple word utterances in
the previous study while the partial habits are those
by using a single utterance. Set A are a part of RM1
isolated word database and set J are speech samples
recorded in a sound-proof room in our laboratory.

Figure 3 shows the locations of the maximum and
the minimum neighboring circles for each of seven
Japanese and seven Americans (whole habits, see
Section 2.4)[6]. Figure 4 shows the locations of the
highest likelihood ratios of each word utterance (par-
tial habits, see Section 3.1)[7]. Size of circle indicates
the frequency of the highest ratio being observed at
the location. Figure 5 shows the locations of the esti-
mated habits for each word utterance in the current
study (new partial habits, see Section 3.2).

As for Figure 4, Japanese habits are frequently
distributed close to or at the pitch vertex, while
Americans ones are often distributed around or at
the spectrum vertex. It means that these distribu-
tions of the partial habits are similar to those of the
whole habits of Figure 3, which clearly indicates the
validity of the method proposed in [7]. To investigate
the distributions of habits of Figures 4 and 5, we di-
vide a triangle into 4 parts(spectrum, power, pitch
and middle part). Figure 6 shows the distribution
of habits of Japanese and Americans (partial habits,
see Section 3.1). Figure 7 shows the distribution of
habits (new partial habits, see Section 3.2). About a
half of Japanese habits are distributed over the pitch
part (54.0% and 51.1%), while American habits are
distributed over the spectrum part with larger possi-
bility than that of any other part (34.8% and 47.4%).
These distributions are similar to the distribution of
Figure 3, and it indicates the validity of the method
proposed in this paper.

4. Conclusion

In this paper, a new method to estimate the accentu-
ation habit with a small computation cost was pro-
posed, where only a single word utterance was re-
quired. The reduction of computation was realized
by using ratios of likelihood sub-score ratios.
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Figure 3: Whole habits of Japanese (upper) and Americans (lower) estimated in the previous study
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Figure 4: Partial habits of Japanese (upper) and Americans (lower) estimated in the previous study
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Figure 5: Partial habits of Japanese (upper) and Americans (lower) estimated in the proposed method
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Figure 6: Distribution of partial habits of Japanese (left)
and Americans (right)

51.1%

31.5% 16.8%

0.6%

(a) Japanese (b) Americans

34.5%

47.4% 16.8%

1.3%

Pitch

Spectrum Power

Figure 7: Distribution of new partial habits of Japanese
(left) and Americans (right)
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