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ABSTRACT

This paper describes the design, the collection, and
the labeling of a Multi-Accent Mandarin corpus called
MAM. MAM is constructed primarily for automatic Chi-
nese accent detection. We aim to study the idiosyncrasies
of the Chinese accents of people from different regions
of the world. The text in the corpus is designed to be
easily readable for international Chinese-speaking stu-
dents studying in Taiwan, while maintaining sufficient
linguistic complexity. The speech data in MAM is col-
lected from overseas students currently enrolled in the
National Sun Yat-sen Univeristy. There are 30 speak-
ers with 40 utterances each, so a total number of 1,200
utterances are collected. The recruited speakers are ge-
ographically divided into three groups: 10 speakers (6
male and 4 female) are from Indonesia, 10 speakers (5
and 5) are from Malaysia, and 10 speakers (5 and 5) are
from Hong Kong or Macau. In addition, we have selected
10 speakers (5 and 5) from Taiwan in the TCC-300 cor-
pus. The utterances in MAM are manually analyzed for
actual pronunciation, and a rudimentary accent classi-
fier based on the pronunciation variation patterns across
different geographic areas is constructed.

Index Terms— multi-accent Mandarin corpus, ac-
cent detection

1. INTRODUCTION

Accent is the unique pronunciation manner depending on
the geographical location due to the influence of different
mother languages (first languages), which can be dialects
or completely different languages. For example, people
from Japan speaks Chinese with a special flavor, and
similarly for people from the United States. The Man-
darin spoken by people with Taiwanese as the mother
tongue is often called Taiwan-Mandarin, similar to the
case that the English spoken by people in Singapore is
also known as the Singlish. Even in Taiwan, there is
perceptible difference between the Mandarin spoken by
Min-Nan and Hakka. The reasons that produce pronun-

ciation differences may be numerous, so we want to find
a solution of this problem.

Accent detection tasks have been carried out in the
case of English. In [1], the American and Indian accented
English are chosen and classified. Another work in [2],
the researchers identified 3 major accents in Australia. A
multi-accent English news speech corpus is collected from
6 regions in [3], which are US, Great Britain, Australia,
North Africa, Middle East and India.

Mandarin is one of the mostly used languages in the
world with more than one billion speakers. The boom-
ing of China means that more and more people speaks
Mandarin in the world, so Mandarin is a global lan-
guage. For spoken language technology applications, the
accent of Mandarin becomes an important and practical
research topic with many related research works. For in-
stance, accented Mandarin speech recognition based on
the method of gradient tree boosting is introduced in [4].
In [5], three different Chinese dialects are collected to
build an accent detection system.

Although there are many public-domain Mandarin
corpora collected in Taiwan for the advance of speech
and language technology, e.g. [6, 7, 8] released by the
Association for Computational Linguistics and Chinese
Language Processing (ACLCLP), most of these corpora
are mainly collected for the purposes of automatic speech
recognition or speech synthesis. In order to study of ac-
cent via corpus, we need to create a new multi-accent
corpus. Such a corpus provides instances of acoustic
waveforms, and facilitate a fair comparison of different
techniques for accent-related evaluation tasks. For the
demand of accent classification, we design and construct
a multi-accent Mandarin corpus, and collect speech data
from the Mandarin-speaking international students from
Malaysia, Hong Kong, Macau, and Indonesia in campus.

The rest of this paper is organized as follows. The de-
sign of MAM is introduced in Section 2. The collection of
the MAM data is detailed in Section 3. We describe how
the recorded utterances are analyzed, and summarize the
corpus statistics in Section 4. The results of using MAM
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Table 1. The numbers of the international students of
each region in NSYSU.

Malaysia | Hong Kong | Macau | Indonesia
50 16 40 11

in accent detection are presented in Section 5. Lastly,
the conclusion of our current works is given in Secton 6.

2. CORPUS DESIGN

Our goal in MAM is to collect sufficient enough speakers
and speech data from every chosen accent groups. Thus,
the guidelines of corpus design are

e at least 10 speakers in each region, and 40 sentences
for each speaker

e the text prompt should be easily readable to avoid
unnecessary complications

e the linguistic complexity should be maintained at
a certain level

The numbers of the international students in the Na-
tional Sun Yat-sen Univerisity from various countries sat-
isfying the constraint on the number of speakers per re-
gion are shown in Table 1.

The text source of speeches can be split into two
parts. The first part is selected from the text prompts
used in [9], and second part is harvested from on-line
Chinese news websites and Chinese newspapers. The
number of characters in each utterance ranges from 10
to 30. In addition, we keep the total number of charac-
ters in each speaker group balanced. We ensure that the
text is free of ambiguity or confusion to the speakers.

For illustration, we excerpt two sentences below.

1. AR EACE BhE AR

2. —EABEBRROZ TG —HBRNNZE
HE

The first sentence means The money is used to help the
poor. In Mandarin, $&(money) and % A (poor) are com-
mon words, therefore they are easy to read. The second
sentence means A smart child will be more successful
than a foolish child. Here, the words & (smart) and &
$&(foolish) are much harder than the previous ones, and
H B (successful) is not as commonly seen. Such words
will make the sentence harder to read.

3. DATA COLLECTION

3.1. Speaker Groups

Based on Table 1, we decide to use three speaker groups:
Indonesia, Malaysia, and Hong Kong-Macau. Since the
main language in Hong Kong and Macau is Cantonese,
we put them into the same group.

The background knowledge about the mother lan-
guages of these groups will be helpful to improve the in-
tegrity of our corpus. In Indonesia, there are more than 7
different languages/dialects. In Hong Kong and Macau,
the most common language is Cantonese. Portuguese
is used in Macau before, but few teenagers can speak it
nowadays. Bahasa Malaysia and English are both official
languages in Malaysia, and Bahasa Malaysia is very simi-
lar to Indonesian. When speaking Mandarin, the mother
languages of the speaker will obviously affect the accent.
This phenomenon will leads to non-standard Mandarin,
and we can easily distinguish the difference by human
ear.

It is important to make sure that the speakers are
representative of the accent. If most of the pronuncia-
tion differences in speech happen from misreading rather
than from accent, the speech data will not be suitable
for accent detection. We make sure that the mother lan-
guages of the speakers for a given region are the same,
and these mother languages differ from region to region.
We also make the speaker composition (e.g. gender, age)
to be as similar as possible across the groups.

3.2. Recording Setup

We use Cool Edit Pro 2.0' as recording software. The
environmental noise is ensured to be lower than 40
dB signal-to-noise ratio, to avoid affecting the quality
of speech. We use Audio-technica Stereo microphone
AT9941 to record the speech. The discrete-time sam-
pling rate is 16,000 Hz.

Before the recording, we give the speaker the text
prompt to check the readability.? Each utterance is
recorded as one audio file. We check each utterance until
it is successfully recorded. The average time for record-
ing per speaker is approximately two hours. We also
inquire the speakers of their mother languages and daily
used languages, how long they have learned Mandarin,
and the difficulty level they feel about reading the text.
The whole speech recording flow is shown in Fig. 1. Note
that the utterances of Mandarin from Taiwan speakers
are selected TCC300 [7].

INow this software is called ”Adobe Audition”, see http://
www.adobe.com/special/products/audition/syntrillium.html
for more information.

2We require a speaker to be able to read at least 80% of the
text.
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Fig. 1. The flow chart of our speech recording work.

4. CORPUS CONSTRUCTION

The recorded 1,200 utterances from non-Taiwan speak-
ers are manually transcribed. We also choose speech files
of 10 speakers (5 male and 5 female) from the TCC-
300 corpus [7], and balance the sum of characters of
each group. We have 25,226 spoken character tokens in
MAM, consisting of 5,759 in Hong Kong-Macau group,
6,107 in Malaysia group, 7,006 in Indonesia group, and
6,354 in Taiwan group. The total size of these audio files
is about 634 MB.

4.1. Post-Processing

The groups are abbreviated as: IN for Indonesia, HM
for Hong Kong and Macau, MY for Malaysia, and TW
for Taiwan. Although there still have several different
accents in Taiwan as we discussed in Section 1 before,
we use TW to represent the whole accents in Taiwan to
simplify the goal. We use 80% (8 speakers, 320 utter-
ances) of the data per group as the training data, and
the remaining 20% (2 speakers, 80 sentences) as the test
data.

Each utterance is further segmented. We segment
an utterance into characters, and segment one character
again into phones which are corresponding to the Man-
darin phonetic symbols. The Mandarin phonetic symbol
set consists of 37 symbols. Each character can be phoned
by 1—3 Mandarin phonetic symbols. Furthermore, since
Mandarin is a tonal language, we also label the tones of
each characters. There are 5 tones in Mandarin language,
so we transcribe the tones with digits 1 to 5.

The main goal of using MAM is to learn the differ-

Table 2.
MAM.

The count of pronunciation differences in

Region | A1 | A2 | A3 | B1 | B2 | C | D
HM 102 | 11 | 222 | 40 | 223 | 83 | 16
MY 94 53 9 58 | 17| 7

1D 94 4 43 | 19 | 422 | 48 | 21

Ne]

ences between accents. The differences are divided into
several categories as follows.

e Type A (Phone) In our observation, many
retroflex consonant in foreign accent speeches
are pronounced like alveolars. For example, a
character is pronounced as “zhang (7)”, however
speaker may pronounce this character as “zang
(#)”. The phoneme /zh/ is pronounced as /z/.
Such a phonetic difference is said to be of Type A.
Moreover, Type A is further divided into three sub-
types: Al for a retroflex consonant is pronounced
as non-retroflex, A2 for an non-retroflex (usually
alveolars) consonant is pronounced as retroflex,
and A3 for other situations, such as the difference
happens in initials, finals, or medials. There still
can be classified to more sub-groups in type A3
but it will be too exhaustive. For this reason, we
only focus on retroflexes.

e Type B (Tone) A character dui4 (¥}) of the 4th
tone can be pronounced as duil. Such a phonetic
difference is said to be of Type B. Type B is further
divided into two subtypes: Bl if the pronounced
tone exists for the character, and B2 for tone mis-
reading or tone sandhi.

e Type C fast reading, repetition, filler, affected by
front or back, or in the situation that differences
happen in both phone and tone. All of these dif-
ferences are of Type C.

e Type D misreading, unclear pronunciation, pause,
or some situations that can not be classified. These
situations above are are of Type D.

For example, the utterance #EAMAMAITHEEARIE, HE
AR FNEAR |2 —EBis segmented as “Hfsu(sui),
A3”, “/Fbul(bud), B2”, “{HZdalsil(dan4shi4), C, C”,
“VEzu02(zu04), B2”, “Fsil(shid), C”, and “s&si(shi),
A1”.

We list the pronunciation difference in MAM in Ta-
ble 2. From Table 2, we can see that there are frequent
Type A differences in HM group, and that the ID and
MY groups have frequent Type B differences.
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Fig. 2. Classification tree according to pronunciation
differences in corpus.

5. CORRESPONDING EXPERIMENT

In this section, we will discuss that how we used the
MAM corpus in our research. As the description in
Sec. 1, we will use MAM to build experiments of accent
classification. How to use the informations in hand, such
as pronunciation characteristics to process accent classi-
fication and identification is our main goal. As in the
researches of [1, 10], they use Gaussian Mixture Model
(GMM) as the method of classification. GMM is a well-
known method and is easy to use, however the accuracy
is not high enough. To solve this problem in [11, 12], the
researchers use Support Vector Machine to improve the
accuracy and reduce error rate.

In our research, we discussed about the pronuncia-
tion differences in Sec. 4.1. We found out that there
exist some distributions of pronunciation differences be-
tween foreign regions. Different accents have different
pronunciation characteristics, therefore, we can classify
an unknown accent by its pronunciation characteristics.
Owing to the characteristics of pronunciation differences,
it is possible to decide which accent is most likely to pro-
duce an utterance, if the type-dependent error probabil-
ities for each accent are estimated.

Let K be the types of errors (K = 7). Let n =
(n1,...,nx)T be an integer-valued vector where the i
component indicates the number of errors in error type
i. The likelihood that an utterance with error vector n
being uttered by a speaker from accent a; can be written
as

K K )\Zie—ku

P(nla;) = Hp(ni|aj) = H B

i=1 =1

) j:1a273

(1)
In (1), we make the assumption that the numbers of er-
rors in different error types are independent and Poisson-
distributed with parameter {);;}. These parameters can
be estimated from a training set. The empirical numbers
of error counts on MAM are shown in Table 2.

Table 3. The pronunciation differences and correspond-
ing )\ij-

Region | HM MY 1D
Al 0.228 | 0.225 | 0.213
A2 0.028 | 0.016 | 0.003
A3 0.425 | 0.128 | 0.106
B1 0.09 | 0.016 | 0.05
B2 0.413 | 0.125 | 1.288
C 0.15 | 0.04 | 0.138
D 0.044 | 0.009 | 0.047

In our experiment, the Taiwan accent was set to be
the baseline as default. We chose 80% (4 male and 4
female per group, 320 sentences) of the speech data as
training set, and 20% (1 and 1 per group, 80 sentences) of
them as test set. We estimated the Poisson parameters
from the training set. Table 3 shows the A;; of each
pronunciation differences in the experiment. Then we
calculated the probability (1) for each accent. The result
of classification accuracy of 3 groups is 52.5% for HM,
32.5% for ID, and 33.75% for MY.

6. CONCLUSION

In this paper, we describe the design and whole construc-
tion processes of our multi-accent Mandarin corpus, the
MAM corpus. Until now, 3.2 hours of data were col-
lected and still extensible. Over 24,000 characters are
used in the text, and about 10,000 characters are not
repeatedly used. In our experiment, we use the MAM
corpus in accent classification and speech segmentation.
Poisson model is trained in each accent group in training
set, and used to classify accent in test set. The distribu-
tion of test data will close to one of the group in train
set, and we can recognize the accent of test data.

The construction of MAM corpus can still be im-
proved. We know that the Mandarin learning levels of
every speakers are not the same, so we should design our
text draft before and after speech recording, to make sure
that the reading problems will seldom happen.

Not only for accent classification, MAM can be also
used in speech recognition or in accented speeches syn-
thesis. We have already known that accent problem will
critically impact the result of speech recognition. MAM
can help to solve accent problems which may occur. An-
other possible research topic is text-to-speech system,
according to the speech recognition technologies. The
MAM corpus is a good linguistic resource for natural
and foreign accented Mandarin.
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