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Abstract

English is the only language available for global communica-
tion. Due to the influence of speakers’ mother tongue, howev-
er, those from different regions often have different accents in
their pronunciation of English. The ultimate goal of our pro-
ject is automatic creation of a global pronunciation map of
World Englishes on an individual basis, for speakers to use to
locate similar English pronunciations. Creating the map math-
ematically requires a matrix of pronunciation distances among
all the speakers considered. Our previous study proposed a
good algorithm for that purpose [1], where, using phonetic
reference pronunciation distances calculated from labeled data,
a pronunciation distance predictor was trained and built for
unlabeled data. Due to space limit in [1], the procedure for
calculating the reference distances was not described in detail.
Then in this paper, detailed descriptions are given and 498
world-wide native and non-native speakers in the Speech Ac-
cent Archive [2] are clustered using the phonetic reference dis-
tances. Results show high validity of using the calculated dis-
tances as reference distances for training a distance predictor.

Index Terms: World Englishes, IPA transcription, DTW,
Speech Accent Archive, phonetic pronunciation clustering

1. Introduction

English is the only language available for global communica-
tion and it is true that English communication is done quite
often between non-native speakers in international occasions.
Due to the influence of the speakers’ mother tongue, those
from different regions inevitably have different accents in their
pronunciation. Recently, more and more users of English ac-
cept the concept of World Englishes [3,4,5,6] and they regard
US and UK pronunciations as just two major examples of ac-
cented English. Diversity of World Englishes is found in vari-
ous aspects of speech acts such as dialogue, syntax, pragmatics,
lexical choice, pronunciation etc. Among these kinds of diver-
sity, this paper focuses on pronunciation. If one takes the phi-
losophy of World Englishes as it is, he can claim that every
kind of accented English is equally correct and incorrect. In
this situation, there will be a great interest in how one type of
pronunciation is different from another, not in how that type of
pronunciation is incorrect compared to US or UK pronuncia-
tion. As shown in [7], the intelligibility of spoken English de-
pends on the nature of the listeners as well as that of the
speaker and the spoken content, and foreign accented English
can indeed be more intelligible than native English. Generally
speaking, speech intelligibility tends to be enhanced among
speakers of similarly accented pronunciation.

The ultimate goal of our project is automatic creation of a
global map of World Englishes on an individual basis, for a
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speaker to use to locate similar Englishes and to find where his
pronunciation is located in the diversity of English pronuncia-
tions. If the speaker is a learner, he can then find the best and
easiest-to-communicate English conversation partner. A learn-
er can also know how his pronunciation compares to other va-
rieties. If he is too distant from these other varieties, he may
have to correct his pronunciation for the first time to achieve
smoother communication with these others. In real-world ap-
plication, the global but individual pronunciation map may be
popularized to the world of international business. Here, peo-
ple often encounter new types of accented English pronuncia-
tion, some of which may be very problematic and cause some
miscommunication. With this map, however, one can know in
advance how his pronunciation is different from his new busi-
ness partner’s. He may find his colleague whose pronunciation
is similar to that partner’s and ask the colleague for help.

For our project, however, we have two major problems. One is
collecting data and labeling a part of them, and the other is
creating a good algorithm of automatically drawing the global
map for a huge amount of unlabeled data. Luckily enough, for
the first problem, the fourth author has made a good effort in
systematically collecting World Englishes from more than a
thousand speakers from all over the world. This corpus is
called the Speech Accent Archive (SAA) [2], which provides
speech samples of a common elicitation paragraph with their
narrow IPA transcriptions. The technical challenge in the sec-
ond problem is that we need an algorithm that can focus exclu-
sively on pronunciation differences between speakers by ig-
noring irrelevant differences such as those in age, gender, vo-
cal tract length, etc. In our previous study [1], by using refer-
ence pronunciation distances calculated based on the IPA tran-
scriptions, we built a pronunciation distance predictor using
invariant pronunciation structure analysis. The invariant struc-
ture analysis was proposed in [8][9] inspired by Jakobson’s
structural phonology [10] and it can extract very robust fea-
tures. The structural features were already introduced to vari-
ous tasks such as pronunciation scoring [11], pronunciation
error detection [12], language learners clustering [13], dialect
analysis [14], automatic speech recognition [15,16], and
speech synthesis [17]. In our previous study [1], our pronunci-
ation distance predictor outperformed by far a baseline system
that was built with a conventional HMM-based phoneme rec-
ognizer. Due to space limit in [1], however, the procedure for
calculating reference distances was not described in detail. In
this paper, detailed descriptions are given and 498 world-wide
speakers in the Speech Accent Archive are clustered using the
phonetic reference distances. For comparison between two
IPA transcriptions, we adopt the DTW algorithm and the ob-
tained alignment gives us a phonetic distance between them.
For DTW, a phone-to-phone distance matrix is required and
this is obtained through acoustic analysis of an expert phoneti-
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cian’s productions of all the IPA phones with/without a dia-
critic mark. It should be noted that pronunciation diversity of
World Englishes is found in both segmental and prosodic as-
pects. In our previous study [1], reference distance was ob-
tained by calculating distance between a pair of IPA transcrip-
tions. This means that the reference distance in [1] ignored the
prosodic diversity because IPA transcription gives us only
phonetic information of a given utterance. We do not claim
that the prosodic diversity is minor but, as will be shown in the
current paper, it seems that the clustering of English users only
based on the segmental aspect can still present visually and
validly how World Englishes are diverse in terms of pronun-
ciation.

This paper is organized as follows. In the following two sec-
tions, we describe the SAA corpus and how to estimate phone-
to-phone distance information by acoustic analysis. In section
4, we explain how to estimate inter-speaker distances by using
the DTW algorithm. Some results of speaker-based pronuncia-
tion clustering are presented in section 5. In section 6, a dis-
tance predictor constructed using the above inter-speaker dis-
tances is briefly introduced and its performance of inter-
speaker distance prediction is shown. In section 7, this paper is
concluded and future directions are also presented.

“Please call Stella. Ask her to bring these things with her
from the store: Six spoons of fresh snow peas, five thick slabs
of blue cheese. and maybe a snack for her brother Bob. We
also need a small plastic snake and a big toy frog for the kids.
She can scoop these things into three red bags, and we will go
meet her Wednesday at the train station.”

[p"li:z k*a:l stela @sk he- ro biip di:z 8inz wib hex fiam 0s
sto:1 siks spu:nz av fief snou p*i:z fa:v 81k’ sla:bz 2 blu: ffi:z
én meibi 2 sna&k’ for ha biada bab wi also ni:d » sma:l
ptlestik sneik” @&n 2 big” t*a1 fiog fo1 da kbirdz [i k®in sku:p
di:z Binz int*u O1i 1ed bae:gz &n wi wil mi:t hex wéntsdi =t da

trein steifin]

Fig. 1 The elicitation paragraph used in the SAA and an ex-
ample of detailed IPA transcription with diacritic marks

2. Speech Accent Archive

The corpus is composed of read speech samples of more than
1,700 speakers and their corresponding narrow IPA transcrip-
tions. The speakers are from different countries around the
world and they read a common elicitation paragraph, shown in
Fig. 1. It contains 69 words and can be divided into 221 pho-
nemes by referring to the CMU dictionary [18]. Each sample
has its narrow IPA transcription, which was provided by
trained phoneticians, and an example is also shown in Fig. 1.
The transcriptions will be used to calculate reference inter-
speaker phonetic distances. Use of read speech for clustering
is considered to reduce the pronunciation diversity because
read speech will show us only “controlled” diversity. In [19]
however, English sentences read by 200 Japanese university
students showed a very large diversity in terms of pronuncia-
tion and [20] showed that the intelligibility of the individual
utterances to American listeners covered a very wide range.
Considering these facts, we considered that clustering of read
speech samples can still capture well how diverse World Eng-
lishes are in their pronunciation. In the current study, only the
data with no word-level insertion or deletion were used. The

speakers’ files that had exactly 69 words were automatically
selected as candidate files and then, 515 files were obtained.
However, the word order in some files were found to be wrong
and we manually removed them. At the end of the day, 498
speakers’ data were obtained and used in our study.

3. Phone-to-Phone Distance Estimation
using Acoustic Analysis

In this study, the DTW algorithm is applied to compare two
speakers’ IPA transcriptions. Since the algorithm needs a dis-
tance matrix among all the existing IPA phones in the archive,
we prepared the distance matrix firstly. In this paper, phone-
to-phone distance was calculated through comparing acoustic
characteristics of the two phones, which were produced by an
expert phonetician. Before recording, we calculated frequency
of each of the IPA phones, many of which were with a diacrit-
ical mark, and extracted the kinds of IPA phones that covered
95% of all the phones found in the archive. The resulting
number of the kinds of the phones with/without a diacritical
mark was 153. Table 1 shows the 153 phones. One expert
phonetician, the third author, was asked to pronounce each of
these phones twenty times. Here, he was asked to pay good
attention to diacritical difference within the same kind of IPA
phone. In the recording, the phonetician pronounced each
vowel twenty times. For consonants, a consonant was suc-
ceeded and preceded at the same time by vowel [a]. For exam-
ple, in order to collect data of phone [p], the phonetician spoke
[apa] twenty times. In this way, each consonant was recorded.

Using the wav files and its phonetic transcription, a three-state

HMM was built for each phone, where each state s; (i €l, 2,

and 3) contained a single Gaussian distribution with mean vec-

tor s and covariance matrix p . Here, MFCC(1-12) and its
Si Si

derivatives were used as acoustic features.

After training an HMM for each kind of the phones, the
Bhattacharyya distance (BD) was calculated between two cor-
responding states of every phone pair. The equation of the BD
between s; of phone x and s; of phone y is denoted below.

Dy(pg> Ps)

:l(M;._M;'i)TP’l(M;_—M;_)-Q-lln( det P (1)

8 2 [det P* det P
Si Si

where 7 and ps» are mean vectors and prand pv are co-

Si Si Si Si
variance matrices of state s; of x and state s; of y, respectively.
Note that P= (p' + p? )/2.

Si Si

For each phone pair, three Bhattacharyya distances were cal-
culated, each corresponding to a state-to-state distance. By
accumulating the distances and averaging them, we defined
the acoustic distance between the phone pair. Equation 2
shows distance definition between two phones x and y.

PPy

d = \/DB(p'svspgyl) + Dy (P, Psy) + Dy (Pss Ps3) )
3

We note here that, since the HMMs were trained in a speaker-
dependent way, all the distances were calculated in the same
and matched condition.
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Fig. 2 The phone-to-phone distance matrix in gray-level image

The other 5% phones, which were not pronounced by the pho-
netician, were all with a diacritical mark and they were of very
low frequency. For these phones, we substituted the HMMs of
the same phones with no diacritical mark. With this substitu-
tion policy, the inter-phone distances among all the existing
kinds of phones in the archive can be finally estimated. We
converted the 153x153 phone-based distance matrix to its tree
diagram. Although we do not show the diagram in this paper
due to limit of space, the diagram confirmed us that we ob-
tained a phonetically valid distance matrix. Fig. 2 shows a
gray-level image of the 153x153 distance matrix instead.

In Fig. 2, X-axis and Y-axis denote the ID of phones (See ta-
ble 1 in Appendix). Each pixel represents the distance between
two phones. The first 66 phones are vowels and the others are
consonants. The darker a pixel is, the more similar the phone
pair are. From this figure, it can be seen that the distances be-
tween vowels are smaller than those between consonants or
between a vowel and a consonant. We can also know that the
distances between consonants have higher variance than those
between vowels and those between a vowel and a consonant.
Some small squares aligned in the diagonal line can be found
in the figure because phones of the same kind with different
diacritical marks are aligned together. Elements on this phone-
to-phone distance matrix will be used as local distance or pen-
alty to calculate the inter-speaker distance through the DTW
alignment of two IPA transcriptions.

4. Dynamic Time Warping using Phone-to-
Phone Distance Information

In this section, the DTW is done to compare every two IPA
transcriptions in a word-by-word manner by using the distance
matrix obtained above. The obtained DTW alignment gives us
an accumulated distortion score, which will be used as refer-
ence pronunciation distance between the two speakers. This
speaker-to-speaker phonetic distance can be used in automati-
cally clustering speakers in terms of pronunciation. Since all
the transcriptions contain exactly 69 words, word-level align-
ment is easy and we only have to deal with phone-level inser-
tions, deletions, and substitutions between a word and its
counterpart in the two transcriptions. The local and allowable
path of the DTW used in this section is shown as Fig. 3.

n| ®pr
Pl: (Am, An)=(1,0)
P2: (Am, An)=(1,1)
P2 P3  p3. (Am,An)=(0,1)
'm

Fig. 3 Allowable paths of the DTW

Fig. 4 The inter-speaker distance information matrix in gray-
level image

P1, P2 and P3 are allowable paths of insertion, match and de-
letion. Path selection is done based on equation 3.

DTW[m, n] := minimum( DTW[m-1,n] + phone_dist[m,n],
DTW[m-1,n-1] + 2*phone_dist[m,n],
DTW[m,n-1] + phone_dist/m,n] ) (3)

DTW[m, n] is the current accumulated cost at position (m,n)
and phone_dist/m,n] is a distance between the phone of time
m and the phone of time n. Out of P1, P2, and P3, the path of
which the accumulated cost at (m,n) is the minimum is select-
ed. After normalizing this score by the total number of times
of distortion accumulation, we can get a word-based distortion
score. The 69 word-based scores are summed to be the final
score for two given IPA transcriptions (speakers).

5. Speaker-based Pronunciation Clustering

After obtaining the inter-speaker distances, all the speakers
can be clustered using Ward’s method, one of the hierarchical
clustering methods. Since the clustering result of the 498
speakers is too complicated, we firstly show the gray-level
image of the distance matrix of the 498 speakers in Fig.4.

In the gray-level image, X-axis and Y-axis denote the ID of
speakers. The IDs of speaker are assigned based on the alpha-
betical order of their countries’ name. Each pixel represents
the distance between two speakers. We can find a darker
square in the top left. The distances in this region are from be-
tween native speakers of American English and this means
that they have similar and stable English pronunciations. For
non-native speakers, larger distances tend to be found to native
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Fig.5 The clustering result of 18 selected speakers

speakers and to other non-native speakers. Non-native pronun-
ciations can be affected by their mother tongue in different
ways and to different degrees. In Fig.5, the clustering result of
18 selected speakers is shown. We picked up German speakers
who were born in Germany in the archive, the number of
whom was 9, and 9 native American English speakers were
randomly selected. “EN” and “GE” denote American and
German, respectively. The numbers succeeding “EN” or “GE”
in the figure are speaker IDs. From Fig. 5, it can be seen that
the all American speakers are clustered into one sub-tree and
eight German speakers are clustered into the other sub-tree.
Although GE16 is clustered into the same sub-tree with Amer-
ican speakers, by inspecting his biography included in the
SAA, it is found that he had lived in USA for 4 years. It seems
that his pronunciations has been reasonably affected by and
adapted to American accent. On the other hand, most of the
other German speakers live in America within or less than 1
year and this is supposed to be the reason why they are clus-
tered into the other sub-tree. The 9 American and the 9 Ger-
man samples will be included in the CD-ROM as media files.
Interested readers should listen to those samples.

6. Use of the Reference Distances to Built a
Distance Predictor for New Data

Using the inter-speaker distances calculated in the previous
section as reference distances, a distance predictor for new
speakers was trained and built in [1]. Here, only speech data of
the new speakers were used and their IPA transcriptions were
not. Invariant pronunciation analysis was adopted for pronun-
ciation representation and Support Vector Regression was
used for prediction. The correlation between manually pre-
pared IPA-based distances and automatically predicted dis-
tances was 0.77. For comparison, an HMM-based phoneme
recognizer was tested with word-based network grammar to
convert new speakers’ utterances into phoneme sequences, not
phone sequences. Here the network grammar was built in or-
der to cover word-based pronunciation variations found in the
SAA. Then, two generated phoneme sequences were aligned
through the DTW by using the HMM-based phoneme-to-
phoneme distance matrix. Since almost all the data were non-
native and the recording environment varied from sample to
sample, the phoneme recognition performance was so low as
46 % and the resulting correlation between the IPA-based

reference inter-speaker distances and the HMM-based distanc-
es was 0.043. The proposed predictor outperformed by far the
HMM-based baseline system. Interested readers should refer
to [1].

7. Conclusions

With the ultimate goal of drawing a global map of World Eng-
lishes on an individual basis, we’re developing a method of
predicting the pronunciation distance between any pair of
speakers [1]. For this project, the reference pronunciation dis-
tances are required and this paper describes how to prepare
these distances in detail. Since the SAA archive provides a
narrow IPA transcription for each accented utterance of the
fixed elicitation paragraph, the DTW was applied to those IPA
transcriptions with a phone-to-phone distance matrix obtained
from recordings by an expert phonetician. Using the obtained
distances, speaker clustering was done. Results showed that
speaker clustering was effectively and validly performed only
in terms of pronunciation. Although we’re focusing on only
the segmental aspect of pronunciation, the obtained clustering
result indicates that clustering only based on the segmental
aspect can still capture how diverse World Englishes are in
their pronunciation rather well. In future work, we are plan-
ning to collect a more data using social network infrastructure
and incorporate the prosodic diversity into pronunciation dis-
tance calculation. Pedagogical application of the World and
individual English map will also be considered in collabora-
tion with language teachers.
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10. Appendix

Table 1: 153 phones used in acoustic analysis

Vowels and Consonants used in Acoustic Analysis

l.i 2.1 3.1 4.1 5.1 6.1
7.y 8.1 9.1 10. & 11.; 12.1
13.¢ 14. ¢ 15.8 16.¢ 17.¢ 18. 8
19. & 20. & 21. &: 22.& 23.a 24.3
25.4 26. i 27.7 28.u 29.u 30. >
31.3 32.3 33.e 34.% 35.& 36.0
37.8 38.5 39.3 40. 9 41.3 42.9
43. w 44, 45. @ 46.u 47.1 48. u:
49. 1 50.1 51. 1@ 52,0 S53.x 54.0
55.6 56.0 57.a 58.% 59.0 60. o
61.5 62.3 63.a 64. « 65.d 66. a
67.p 68. ph 69.p 70. b 71.b 72.b
73. 9 74. B 75. B, 76. f 77.f 78.v
79.y 80.v 81.m 82.m 83.m 84.n
85.1n 86.n 87.n 88. n 89. 1 90. N
91.t 92. th 93.t 94.¢ 95.¢ 96. t
97.d 98.d 99.d 100.d 101.s 102.s
103. s 104. z 105. 7 106. 1 107. 1 108. 1
109.r 110. ¢ 111.¢ 112.1 113.1 114. v
115.0 116.6 117.¢ 118.2 119. 2 120. [
121.3 122.¢ 123.j 124.j 125.k 126. k»
127.k 128.k | 129.k» | 130.k 131. g 132.¢
133.g 134. g 135.x 136.y 137.y 138. @
139.? 140. h 141. 4 142.w | 143.y 144. pd
145.t0 | 146.dd | 147.ts 148.dz | 149.t¢ 150. dz
151.¢ | 152.d3 | 153.kx
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