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Abstract
In this paper, we propose a statistical method of evaluating the
pronunciation proficiency of Japanese words. We analyze statis-
tically the utterances to note a combination that has a high cor-
relation between a Japanese teacher’s score and certain acoustic
features. We found that the syllable recognition rates (accu-
racy) was the best measure of pronunciation proficiency. The
effective measure which was highly correlated with Japanese
teacher’s score was the combination of the posteriori probabil-
ity, the substitution/accuracy rates and the standard deviation of
mora lengths. We obtained a correlation coefficient of 0.712
with closed data and 0.591 with open data for speaker at the
five words set level, respectively. The coefficient was near the
correlation between humans’ scores, 0.600.

1. INTRODUCTION
As internationalization progresses, the ability to communicate
in Japanese is becoming increasingly important. Although indi-
vidual lessons are effective for language learning, it is difficult
to teach Japanese on an individual basis at public schools.

Many efforts have therefore been made recently to apply
speech technologies for language learning. Many CALL (Com-
puter Assisted Language Learning) systems have been made
available. Some of these software packages use speech recog-
nition techniques.

In our previous studies, a stressed syllable detector and an ac-
centuation habit estimator were developed, where the estimated
habits of individual learners accorded well with their English
pronunciation proficiency as rated by English teachers[9].

Many researchers have studied automatic methods of eval-
uating pronunciation proficiency. Nuemeyer et al. proposed
an automatic text-independent pronunciation scoring method.
They used HMM log-likelihood score, segment classification er-
ror scores, segment duration scores, and syllabic timing scores
for French language[1]. The average correlation between human
raters at the sentence level was 0.65, while at the speaker level it
was 0.8. On the other hand, the correlation between automatic
extracted scores based on segment duration and human raters
was 0.46 at the sentence level and 0.86 at the speaker level. The
evaluation on the basis of segment duration was better than other
methods. Furthermore, Franco et al. investigated the evaluation
measure based on HMM-based phone log-posteriori probability
score and a combination of the above scores[2]. They obtained
the correlation of 0.62 at the sentence level by combining the
segment duration score with the posteriori score. We also inves-
tigated the posteriori probability as the evaluation measure[3].
Furthermore, they proposed the log-likelihood ratio score of na-
tive acoustic models to non-native acoustic models and noted that
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Figure 1: Block diagram of our evaluation system for pronunci-
ation proficiency.

this measure outperformed the posteriori probability mentioned
above[4].

Cucchiarini et al. compared the acoustic scores by TD (to-
tal duration of speech plus pauses), ROS (rate of speech; (total
number of segments)/TD) and LR (a likelihood ratio; corre-
sponding to the posteriori probability), and showed that TD and
ROS were more strongly correlated with the human ratings than
LR[5].

The above studies were evaluated for European languages
or English uttered by European non-native speakers. We also
proposed a statistical method of evaluating the pronunciation
proficiency for English words spoken by Japanese[6].

In this paper, we propose a statistical method of evaluat-
ing the pronunciation proficiency for Japanese words spoken
by Japanese learners. We compared acoustic measures of log-
likelihood (native acoustic models and non-native acoustic mod-
els), likelihood ratio, syllable recognition rate, best likelihood for
arbitrary syllable sequences, the rate of speech , and standard
deviation of mora lengths/pitches/powers, and combined these
measures by a linear regression model. The result showed that
the best measure was the combination of the posteriori proba-
bility, the substitution/accuracy rates and the standard deviation
of mora lengths. Figure 1 illustrates a block diagram of our
evaluation system for pronunciation proficiency.

2. EXPERIMENTAL SETUP
We used Japanese speech database read by Japanese learners for
evaluation test data. This test data consists of Japanese words
spoken by 35 foreign male student speakers who have better,
standard or worse pronunciation proficiency[7].

We used the ASJ database and JNAS for training native syl-
lable HMMs (strictly speaking, mora-unit HMMs) and another
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foreign students speech database for adapting them (non-native
acoustic models).

Table 1 shows a summary of the speech materials. These
speech materials were analyzed under the conditions shown in
Table 2. The speech was downsampled to 12kHz and preem-
phasized, then a Hamming window with a width of 21.3 msec
was applied every 8 msec. 14 dimensional LPC cepstrum coef-
ficients were used as speech feature parameters for a frame. The
acoustic features were LPC coefficients which were compressed
10 dimensions×4 frames into 20 dimensions by the K-L expan-
sion based cepstrum coefficients, ∆ and ∆∆ features. Acoustic
models based on syllable HMMs were learned using the ana-
lyzed speech. The HMMs were composed of five states and four
outputs, each of which has four mixtured Gaussian distributions
with full covariance matrices[8].The set of syllables consisted
of 114 syllables classes.

Table 1: Speech materials for HMM’s training
Speaker � speakers � total sentences

Native (ASJ) 30 4518
(JNAS) 125 12703

Foreign students 53 889

Table 2: Speech analysis condition
sampling frequency 12 kHz
quantization bits 16 bits
window length 21.3 msec (256 points)
shift width 8.0 msec (96 points)
LPC order 14th order
parameter LPC mel-cepstrum

3. PRONUNCIATION EVALUATION BY
JAPANESE TEACHERS

Test data was assessed by three Japanese teachers. They ranked
each utterance on a scale ranging from 1 (poor) to 5 (excellent).

Table 3 summarizes the correlation coefficients between hu-
man raters at the word level and 5 word group level (average
score for five words), respectively. The average correlation was
0.600 at the 5 word group level.

We evaluated the pronunciation proficiency of every five
words, because it is very difficult to evaluate the pronunciation
proficiency of every word. Therefore, we can determine from the
table that the target of our automatic evaluation for the correlation
between the human’s score and an automatically evaluated score
is 0.600 for every five words.

Table 3: Correlation between human raters
Raters 1 word 5 word

A, B 0.510 0.649
A, C 0.399 0.532
B, C 0.501 0.619

Average 0.491 0.600

4. CORRELATION BETWEEN
ACOUSTIC FEATURE MEASURE AND

JAPANESE TEACHER’S RATING SCORE
As described in Section 3, Japanese teachers rated the word pro-
nunciation proficiency for a word. Acoustic features were mea-
sured every one word. These features are shown below. Japanese
teacher’s score and corresponding acoustic measures are aver-
aged over five words. Table 4 summarizes the correlation be-
tween each acoustic measure and Japanese teachers’ rating score
at every 5 word set level.

Table 4: Correlation at the 5 word set level between acoustic
measure and Japanese teachers’ score.

Measure Correlation
LLnative 0.358

LLnon−native 0.304
LR 0.324

LLbest 0.054
LR′ 0.564
Sub. -0.518
Ins. -0.482
Del. 0.134
Cor. 0.253
Acc. 0.622
ROS 0.178
Mora -0.480
Power -0.061
Pitch -0.064

4.1. Log-likelihood

We calculated the correlation rate between Japanese teachers’
scores and the log-likelihood (LL) for a pronunciation dictionary
based on concatenation of syllable HMMs at the word level. The
likelihood was normalized by the length in frames. The average
correlation coefficient at the 5 word set level was 0.358 for native
acoustic HMMs (LLnative) and 0.304 for non-native acoustic
HMMs adapted by foreign students utterances (LLnon−native).
Since the range of log-likelihood varies from speaker to speaker,
it is not useful for the evaluation of pronunciation proficiency.

4.2. Likelihood ratio

Next, we used the likelihood ratio (LR) between native HMMs
and non-native HMMs, which was defined as the difference be-
tween the two log-likelihoods, LLnative−LLnon−native. The
average correlation at the 5 word set level was 0.324.

Figure 2 shows the illustrative explanation of Gausian dis-
tributions for native HMMs and non-native HMMs. We should
note that "likelihood" is associated with inverse of "distance".
"A" denotes a sample from a typical native speaker, "B" de-
notes a sample from an outlying native speaker and "C" de-
notes a Japanese utterance sample from a non-native speaker.
Even if a native speaker utters his/her mother language, the like-
lihood using native HMMs is distributed widely from a high
value to a low value. Therefore, the absolute value (LLnative)
is not suitable for outlying speakers. However, the difference
in likelihoods between (LLnative) - (LLnon−native) compen-
sates/normalizes this phenomenon. In Fig.2, (LLnative) for
samples "B" and "C" is almost similar. On the other hand,
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Figure 2: Illustrative explanation of Gaussian distributions cor-
responding to native HMMs and non-native HMMs.
A:typical native sample, B:outlying native sample,
C:non-native Japanese utterance sample

(LLnative) - (LLnon−native) for "B" is larger than that for "C"
and it is estimated that "B" is a better Japanese utterance sample
than "C".

4.3. Best log-likelihood for arbitrary syllable sequences

The best log-likelihood for arbitrary syllable sequences (LLbest)
is defined as the likelihood of free syllable recognition without
using phonotactic language models. We used native syllable
HMMs with four mixed Gaussian distributions having full co-
variance matrices per state. The average correlation at the 5
word set level was 0.054.

4.4. a posteriori probability

We used the likelihood ratio (LR′) between the log-likelihood
of native HMMs (LLnative) and the best log-likelihood for arbi-
trary syllable sequences (LLbest), which approximates the log-
likelihood of a posteriori probability, that is,LLnative−LLbest.
The average correlation at the 5 word set level was 0.564.

4.5. Syllable recognition result

We used the results of free syllable recognition by using na-
tive acoustic HMMs. The average correlations at the 5 word
set level of substitution rate (Sub.), insertion rate (Ins.), dele-
tion rate (Del.), correct rate (Cor.) and accuracy rate (Acc.)
were -0.518, -0.482, 0.134, 0.253 and 0.622, respectively. The
accuracy rate, which is defined as (1.0 - substitution rate - dele-
tion rate - insertion rate), was the most useful for the evaluation
among them and the next most useful was the substitution rate.
However, these measures are not so reliable for the word level,
because almost all words are composed of only 2-4 syllables and
the error rates are influenced significantly by only one error.

4.6. Rate of speech

We defined the rate of speech (ROS) as the ratio of the number
of syllables in a spoken word to the duration (length in frames).
The average correlation at the 5 word set level was 0.178.

4.7. Standard deviation of mora lengths

It is said that Japanese has the rhythmic property of equivalent
time interval in mora-units (Mora Isochronism). Therefore we
used the standard deviation of mora lengths. We establish the
value num for the number of morae in a spoken word, the value
µ for the mean of mora lengths, the variable i for mora position

andMi for the i-th mora length, and define the standard deviation
of mora lengths (Mora) as

Mora =

√√√√√
num∑

i=1

(Mi − µ)2

num
(1)

The average correlation at the 5 word set level was -0.480.

4.8. Standard deviation of powers and standard deviation
of pitch frequencies

The standard deviation of powers (Power) and pitch frequencies
(Pitch) is calculated as similar to the standard deviation of mora
lengths. The average correlations of the 5 word set level of
standard deviation of powers and pitch frequencies were -0.064
and -0.061, respectively. These prosodic features are not useful
for the evaluation of Japanese pronunciation.

5. STATISTICAL METHOD OF
EVALUATING PRONUNCIATION

PROFICIENCY
A linear regression model that is derived from the relationship
between acoustic measures and Japanese teachers scores is pro-
posed for estimating the evaluation score of pronunciation profi-
ciency. We established some independent variables {xi} for the
parameters and the value Y for Japanese teachers’ scores, and
define the linear regression model as

Y = Σiαi × xi + ε (2)

, where ε is a residue. The distribution of each variable was
normalized as the nomal distribution; N(0,1). The coefficients
{αi} were determined by minimizing the square of ε. Generally
speaking, the magnitude of a coefficient denotes the contribu-
tion factor. We experimented with closed data and open data for
speakers. Next, we investigated whether our proposed method
was independent of speaker. For the open experiment on speak-
ers, we estimated the regression model by using utterances of 34
speakers and estimated the score of the remaining speaker. We
repeated this experiment for each speaker.

We estimated the linear models in the some cases of com-
bining the log-likelihood for native HMMs (LLnative), the like-
lihood ratio (LR), the best log-likelihood for arbitrary syllable
sequences (LLbest), loglikelihood of the posteriori probability
(LR′), the substitution/insertion/accuracy rates of recognition
results (Sub./Ins./Acc.) and the standard deviation of mora
lengths (Mora),

Table 5 summarizes the results for closed data and open
data at the 5 word set level. The values in parentheses denote
the standard deviation of estimation errors. By combining some
acoustic measures, we obtained a high correlation between an
estimated score and human’s score.

For the optimum combination, we obtained in the following
model:

Y = 4.33 + 0.0647× LR′ + 0.000878× Sub.

+0.00359×Acc.− 0.0207×Mora (3)

By using this model, we obtained the correlation of 0.712
on closed and 0.591 on open speaker for a set of five words as
shown in Table 5. These coefficients were near that between
human raters as shown in Table 3. We can speculate that an



Table 5: Correlation between combination of acoustic measures and human rater’s score at the word set level
(parenthesis : the standard deviation of estimation errors)

—- at the five word set level —-
Acoustic measures CLOSED SPK. OPEN
LR, LR′, Sub., Acc., Mora 0.713 (0.282) 0.576 (0.334)
LLnative, LLbest, Sub., Acc., Mora 0.718 (0.280) 0.534 (0.348)
LR′, Sub., Ins., Mora 0.710 (0.287) 0.576 (0.338)
LR′, Sub., Acc., Mora, 0.712 (0.282) 0.591 (0.328)
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Figure 3: Distribution of estimated score and Japanese teacher’s
score in closed data for a set of 5 words (correlation=0.712)
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Figure 4: Distribution of estimated score and Japanese teacher’s
score in open data on speakers for a set of 5 words (correla-
tion=0.591)

automatic evaluation method has almost the same ability as the
evaluation by Japanese teachers. Figures 3 and 4 illustrate the
distribution of estimated scores and Japanese teachers’ scores.

6. Conclusion
We proposed a statistical method of evaluating Japanese pronun-
ciation proficiency based on a linear regression model. Although
we also investigated a non-linear regression model with a logis-
tic function, there was no differences between the two models.
We noted that the best combination measures for the automatic
evaluation was the following:

• log-likelihood of posteriori probability.

• syllable recognition rate (substitution rate).

• syllable recognition rate (accuracy rate).

• standard deviation of mora lengths.

By combining these measures, we could evaluate the pro-
nunciation proficiency near the evaluation by Japanese teachers.
If we use one or two sentences in the pronunciation test in prac-
tical use, we can evaluate it with a high reliability.

By preliminary experiments, we got the correlation rate of
0.714 for every sentence level between our proposed estimation
score and human’s score (the correlation between humans’scores
was 0.701).
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