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Abstract

In this paper, we propose a statistical method of evaluating the
pronunciation proficiency for presentation in English. We sta-
tistically analyze the utterances to find a combination that has
a high correlation between an English teacher’s score and some
acoustic features. We found that ratio of the likelihoods of free
phoneme recognition by using native English HMMs and non-
native English HMMs was the best measure of pronunciation
proficiency. The combination of likelihood ratio between na-
tive English HMMs and non-native English HMMs (concate-
nation of correct phone HMMs ), likelihood ratio between na-
tive English HMMs and non-native English HMMs (phoneme
recognition ), phoneme recognition rate (correct rate) and word
recognition rate (correct rate) are highly related to the English
teacher’s score. We obtained a correlation coefficient of 0.781
with closed data and 0.743 with open data for speaker at sen-
tence level, respectively. The coefficient was near the correla-
tion between human’s scores; 0.691°0.791.

Index Terms: evaluation of pronunciation, English, HMM, sta-
tistical method

1. Introduction

As internationalization progresses, the ability to communicate
in English is becoming increasingly important. Although indi-
vidual lessons are good for language learning, it is difficult to
teach English individually at public schools, etc.

Recently many efforts have been made to apply speech
technologies to language learning. For instance, many CALL
(Computer Assisted Language Learning) systems have been re-
leased. Some of these software packages use speech recognition
techniques.

We have been investigating a CALL system which fo-
cuses on prosody and the effect of Japanese characteristics, and
particularly on Japanese manners of generating English word
stress[1,2]. In our previous studies, a stressed syllable detector
and an accentuation habit estimator were developed, where the
estimated habits of individual learners accorded well with their
English pronunciation proficiency rated by English teachers.

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
error scores, segment duration scores, and syllabic timing
scores for the French language[3]. The evaluation by segment
duration was better than others. Furthermore, Franco et al. in-
vestigated the evaluation measure based on HMM-based phone
log-posterior probability score and combination of the above
scores[4]. We also investigated the posterior probability as the
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Figure 1: Block diagram of our evaluation system for

pronunciation proficiency.

evaluation measure[S]. Furthermore, they proposed the log-
likelihood ratio score of native acoustic models to non-native
acoustic models and found that this measure outperformed the
posterior probability mentioned above[6].

Cucchiarini et al. compared the acoustic scores by T'D
(total duration of speech plus pauses), ROS (rate of speech;
total number of segments/T'D), LR (a likelihood ratio; cor-
responding to the posterior probability) and showed that 7'D
and ROS were more strongly correlated with the human rat-
ings than LR[7].

The above studies were evaluated for European languages
or English uttered by European non-native speakers. We also
evaluated Japanese uttered by foreign students [10].

In this paper, we propose a statistical method of evaluating
the pronunciation proficiency for presentation in English. We
compared acoustic measures of log-likelihood (native acous-
tic models and non-native acoustic models), likelihood ratio,
phoneme recognition rate, word recognition rate and best likeli-
hood for arbitrary phoneme sequences and combined these mea-
sures by a linear regression model. Figure 1 illustrates a block
diagram of our evaluation system for pronunciation proficiency.

2. Experimental Setup

We used Translanguage English Database for evaluation test
data. This set consists of 25 x 10 English sentences in presen-
tations spoken by 25 male speakers who have better, standard
or worse pronunciation proficiency. We used the TIMIT/WSJ
database for training native English phoneme HMMs, another
Japanese speech database for adapting them (non-native English
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phoneme HMMs)[8] and ASJ/INAS database for training native
Japanese syllable HMMs (strictly speaking, mora-unit HMMs).

Table 1 shows a summary of the speech materials. The
speech is downsampled to 16kHz and preemphasized, then a
Hamming window with a width of 25 ms is applied every 10
ms. 12 dimensional MFCC are used as speech feature parame-
ters for a frame. The acoustic features are 12 MFCC, A and AA
features. Acoustic models based on monophone HMMs were
learned by the analyzed speech. The English HMMs are com-
posed of three states, each of which has four mixtured Gaus-
sian distributions with full covariance matrices. The Japanese
HMMs are composed of four states, each of which has four
mixtured Gaussian distributions with full covariance matrices.

Witt, et al. found that for the pronunciation evaluation
of non-native English speakers, triphones perform worse than
monophones if the HMMs are trained by native speech, that
is, less detailed (native) models perform better for non-native
speakers[12][13][14].

Table 1: Speech materials for HMM’s training

HMM speaker (database) | fispeakers | fitotal sentences
Native (TIMIT) 326 3260
English (WSJ) 50 6178
Japanese students 76 1065
Native (ASJ) 30 4518
Japanese (JNAS) 125 12703

3. Pronunciation Evaluation by English
Teachers

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

Table 2 summarizes the correlation coefficients between hu-
man raters at two minutes presentation period. The average cor-
relation was 0.691 between two raters and 0.791 between a rater
and the other raters.

We can determine from the table that the target of our auto-
matic evaluation for the correlation between the human’s score
and an automatically evaluated score is 0.691°0.791.

Tablees CPpispledit haksieen fumaRaraters (qbGpedlmineied)
A,B 0.897 A, 0.887
A C 0.670 0oB,C,D,Ep
A,D 0.532 B, 0.833
AE 0.947 0A,C,D.Ep
B,C 0.560 C, 0.731
B.D 0.494 0A,B.D.Ep
B,E 0.919 D, 0.619
C,D 0.733 0A,B,C.Ep
C,E 0.614 E, 0.884
D,E 0.543 0A,B,C,Dp

Average 0.691 Average 0.791

4. Correlation between Acoustic Feature
Measure and English Teacher’s Rating
Score

As described in Section 3, English teachers rated the pronun-
ciation proficiency for every speaker. Therefore we assumed
the human’s rating for the set of sentences in the first 2 minute
sections as the same score for every sentence in the set for con-
venience’s sake, because the evaluation for every sentence is
difficult for the raters. Table 3 summarizes the correlation be-
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Figure 2: Relationship of transcription’s correct rate and

teacher’s score (for about 2 minutes)

tween each acoustic measure for every sentence and averaged
English teachers’ rating score.

Table 3: Correlation between acoustic measure and
averaged English teacher’s score

Measure 1 sentence | 5 sentences
LLnative -0.234 -0.272
LLnon—native -0.416 -0.476
LLpest -0.245 -0.279
LR 0.715 0.789
LR 0.149 0.204
LRodap 0.719 0.770
LRpother 0.651 0.716
Phoneme recognition(Sub.) -0.307 -0.623
Phoneme recognition(Del.) 0.094 0.172
Phoneme recognition(Cor.) 0.230 0.340
Word recognition(WSJ, Cor.) 0.156 0.271
Word recognition(EURO, Cor.) 0.199 0.329
Power -0.202 -0.214
Pitch(Fo) 0.413 0.525

4.1. Log-likelihood by native English HMM, non-native
English HMM

We calculated the correlation rate between averaged English
teacher’s score and the log-likelihood (L L) for a pronunciation
dictionary sequence based on concatenation of phone HMMs
at 1 sentence level. The likelihood was normalized by the
length in frames. The average correlation coefficient at sentence
level was -0.234 for English native phoneme HMMs (L Ly ative)
and -0.416 for English non-native phoneme HMMs adapted by
Japanese utterances (L Lypon—native)-

4.2. Best log-likelihood for arbitrary phoneme sequences

The best log-likelihood for arbitrary phoneme sequences is de-
fined as the likelihood of free phoneme (syllable) recognition
without using phonotactic language models. We used native
English phoneme HMMSs (L Ly.s¢) . The average correlation at
1 sentence level of L Ly.s: was -0.245.

4.3. Likelihood ratio

We used the likelihood ratio (LR) between native English
HMMs and non-native English HMMs, which were defined
as the difference between the two log-likelihoods, that is,
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corresponding to native HMMs and non-native
HMMs.

A:typical native sample, B:outlying native sample,
C:non-native Japanese utterance sample

LLnative — LLnon—native. We obtained the high correlation
of 0.715.

Figure 3 shows the illustrative explanation of Gaussian dis-
tributions for native English HMMs and non-native English
HMMs / Japanese HMMs. We should note that “likelihood”
is associated with inverse of “distance”. “A” denotes a sam-
ple from a typical native English speaker, “B” denotes a sam-
ple from an outlying native English speaker and “C” denotes a
Japanese utterance sample from a non-native speaker. Even if a
native English speaker utters his/her mother language, the like-
lihood using native English 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 (L Lyqtive) - (L Lnon—native)
or (LLnative) - (LLmother) compensates/normalizes this phe-
nomenon. In Fig.3, (LLpative) for samples “B” and “C” is al-
most similar. On the other hand, (LLnative) - (LLnon—native)
for “B” is larger than that for C”, and “B” is considered a bet-
ter English utterance sample than “C”. We can expect that this
measure has a speaker normalization function.

4.4. A posteriori probability

We used the likelihood ratio (LR') between the log-likelihood
of native English HMMS (L Ly q+ive) and the best log-likelihood
for arbitrary phoneme sequences (L Ly.st), which means a pos-
teriori probability, that is, L Lynqtive — L Lpest [8]. The average
correlation at 1 sentence level was 0.149.

4.5. Likelihood ratio for phoneme recognition

We used ratio of the likelihood of free phoneme recognition
between native English HMMs and non-native English HMMs
(LRadap), which were defined as the difference between the
two log-likelihoods, that is, L Lpest_native — L Lbest-non—native-

we also used the ratio of the likelihood of free
phoneme(syllable) recognition between native English HMMs
and native Japanese HMMs (L R,.other), Which were defined
as the difference between the two log-likelihoods, that is,
LLpest native — LLbest_mother- The average correlations at
1 sentence level of LR,4qp and LRy, other Were high values;
0.719 and 0.651, respectively.
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4.6. Phoneme recognition result

We used the results of free phoneme recognition. The average
correlations at 1 sentence level of substitution rate, deletion rate
and correct rate, which is defined as “1.0 - substitution rate -
deletion rate”, were -0.307, 0.094 and 0.230, respectively.

4.7. Word recognition result

We used the correct rate of word recognition with language
model. We used the WSJ database (WSJ) or Eurospeech’93
paper (EURO) for training bigram language models. The aver-
age correlations were 0.156 and 0.199, respectively. These were
worse than measures of phoneme recognition results.

4.8. Standard deviation of powers and pitch frequencies

The standard deviations of powers (Power) and pitch frequen-
cies (Fp) were calculated. The average correlations of sentence
level of standard deviation of powers and pitch frequencies were
-0.202 and 0.413, respectively.

5. Statistical Method of Evaluating
Pronunciation Proficiency

A linear regression model that is derived from the relationship
between acoustic measures and the score of English teachers is
proposed for estimating the evaluation score of pronunciation
proficiency. We establish some independent variables {x;} for
the parameters and the value Y for English teacher’s score, and
define the linear regression model as

Y =3%i0; X T + ¢, (1)
where € is a residue. The coefficients {c; } are determined by
minimizing the square of €. We experiment with closed data
and open data for speakers, respectively. Next, we investigated
whether our proposed method is independent of speaker. For
the open experiment on speakers, we estimated the regression
model by using utterances of 24 speakers and estimated the
score of the remaining speaker. We repeated this experiment
for each speaker.

Table 4 summarizes the results for closed data and open
data at sentence level. By combining some acoustic measures,
we obtained a high correlation between an estimated score and
human’s score.

Y = 3.19+40.341 x LR+ 0.465 X LRadap
+0.909 x PhonemeRecognition(Cor.)

—0.319 x WordRecognition(WSJ,Cor.) (2)

By using this model, we obtained the correlation of 0.781
on closed and 0.743 on open speaker for sentence as shown in
Table 4 (a). These coefficients were near that between human
raters as shown in Table 2. We can state that the proposed au-
tomatic evaluation method has almost the same ability as the
evaluation by English teachers. Table 4 (b) shows the correla-
tion by using only text-independent acoustic measures, that is,
likelihood for arbitrary phoneme syllable sequences based on
LLbest-native’ LLbest.non—native and LLbest.mothe'rn The re-
sults encourage our proposed method. Figures 4 illustrate the
distribution of estimated scores and English teachers’ scores in
open data for a set of 5 sentences.

6. Conclusion

We proposed a statistical method of evaluating English pro-
nunciation proficiency based on a linear regression model. Al-



Table 4: Correlation between combination of acoustic measures and human rater’s score at sentence level

(a) text-dependent measures

Number of sentences for evaluation 1 sentence 5 sentences
Acoustic measures CLOSED | SPK. OPEN | CLOSED | SPK. OPEN
LR, LR,qap, Phoneme recognition(Cor.), Word recognition(WSJ, Cor.) 0.781 0.743 0.815 0.736
LR, LR,qap, Phoneme recognition(Sub.), Word recognition(WSJ, Cor.) 0.779 0.741 0.817 0.755
LR, LR,qap, Phoneme recognition(Cor.), Word recognition(EURO, Cor.) 0.764 0.717 0.817 0.756
LR, LR,qap, Phoneme recognition(Sub.), Word recognition(EURO, Cor.) 0.764 0.721 0.818 0.763
(b) text-independent measures
f sentences 1 sentence 5 sentences

Acoustic measures CLOSED | SPK.OPEN | CLOSED | SPK. OPEN

LRudap, LRmother 0.726 0.679 0.733 0.728

LRodap, LRmother, Pitch(Fp) 0.728 0.675 0.774 0.712
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Figure 4: Distribution of estimated score and native teacher’s
score in open data on speaker for a set of 5 sentences
(correlation=0.763)

though we also investigated a non-linear regression model with
a logistic function, there was no differences between the two
models. We noted that the best combination measures for the
automatic evaluation was the following:

e likelihood ratio between native English HMMs and non-
native English HMMs Log-likelihood of a spoken sen-
tence.

e likelihood ratio between native English HMMs and
non-native English HMMs Log-likelihood of phoneme
recognition.

e Phoneme recognition rate (correct rate).

e Word recognition rate (correct rate) .

By combining these measures, we could evaluate the pro-
nunciation proficiency with almost the same ability as English
teachers.
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