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Abstract

Native speakers of non-tonal languages, such as American En
glish, frequently have difficulty accurately producing tobees

of Mandarin Chinese. This paper describes a corpus of Man-
darin Chinese spoken by non-native speakers and annotated f
tone quality using a simpigoodbad system. We examine inter-
rater correlation of the annotations and highlight theaddhces

in feature distribution between native, good non-nativel laad
non-native tone productions. We find that the features aggon
judged by a simple majority to be bad are significantly défer
from features from tones judged to be good, and tones produce
by native speakers.

Index Terms. computer aided language learning, tone evalua-
tion, Mandarin, Chinese

1. Introduction

Computer Aided Language Learning (CALL) systems in for-
eign language classrooms are becoming increasingly popula
for assigning coursework to students, supplementing nadter
learned in traditional language teaching classrooms, ighirgy
opportunities for practice in non-threatening contexts] al-
lowing self-study of foreign languages. CALL frameworkkea
many forms and are guided by considerations of technical pra
ticality and language learning pedagogy.

Pronunciation assessment is a major component for speech
based CALL systems, where students are given feedback on
the quality of their pronunciation of the target foreigndaage.
Assessing the pronunciation of foreign language learisag-i
ficult because while their speech may be intelligible enotagh
native speakers, it may also be so heavily accented that-unde
standing it can be taxing for the native speaking partidipan
2]. The challenge for language teachers is to strike a balanc
between overly-criticizing students for pronunciatiorstakes
and not providing any pronunciation guidance at all.

This implies that an assessment engine for pronunciation
must be able to tell when speech is so poorly pronounced that a
human language teacher would point it out, but not necégsari
when that speech is merely accented. This is a considerable
challenge due to the fact that even non-native speech aresid
well-produced typically has more pauses, slower rate cicipe
and much greater phonetic variation than native speech.

Tonal languages, such as Mandarin Chinese, pose addi-
tional problems because correct pronunciation dependsmypt
on the phonetic realization of the target word, but also @ th
tone production for a given word. The correct realizatioraof
tone depends on such factors as left and right contexts;-anti
ipatory and carryover effects [3], intonation, and tonedéan
rules [4]. Furthermore, non-native speakers may not easily
member the lexical tone for a particular word.

We believe that speech technology can be effective in help-
ing students learn the tones of Chinese words, as well as-to un

derstand how to properly express tonal aspects in productio
Our research into CALL uses computer games that students in-
teract with using their voice. These systems simulate agenve
sational partners with which students are required to @pete

in dialogues centered around small domains and problems [5]
These dialogues are dynamically generated and enableuthe st
dent to both understand and produce spontaneous speeeh in th
target language, thus exercising their communicatiortsskil

These games are presented on the web using the WAMI
toolkit [6] but currently lack the facility for pronunciath as-
sessment. We envision integrating pronunciation assegsme
into our CALL games such that students are given targeteti fee
back on their pronunciation errors. We make the assumption
that only the most egregious pronunciation errors need to be
pointed out and that it is unnecessary and counter-procutdi
point out every single pronunciation problem.

In order to accomplish the task of assessing non-native tone
guality, we need to determine the features that may be useful
for distinguishinggood from bad non-native tone productions.
This paper utilizes two corpora to quantify differencesang
features between native, non-native tones judgedoasi and
non-native tones judged asd

2. Background

In general, speakers of a hon-tonal language who are lgarnin
Mandarin as a foreign language have difficulty both peroegivi
and producing tone (see, for example [7]). A tonal language
uses pitch, the perception of fundamental frequen@),(to
lexically distinguish tones.

In Mandarin Chinese every syllable is marked with a tone.
Syllables in Chinese are composed of two parts: an initidl an
a final. The initial is either a consonant or the null initiai-(
lence). The final portion of the syllable is composed of vawel
and possibly a post-vocalic nasal, and is also the tonergpari
unit.

Mandarin has five official tones. The fifth tone is often re-
ferred to as the neutral tone and is often deemphasized. Man-
darin tones are mainly distinguished by shape, though trere
other perceptual cues such as duration [8] and amplitude [9]
Some tone languages, such as Cantonese, have tonal contrast
that depend on the pitch height (register) of the contout.[10
Although Mandarin tones tend to be produced at differemtpit
registers (Tones 1 and 4 at high registers, Tone 2 at mid to low
registers, and Tone 3 at low registers), pitch registeri<nt-
cal for tone identification in Mandarin.

Recent work has involved the training of non-native speak-
ers in the perception and production of Mandarin tones.
Wang [11, 12] examined the effects of perceptual training on
speakers’ ability to produce Mandarin tones in an isolattd s
of Chinese words. Prior work by Leather [7] looked at the use
of visual feedback on the ability of non-native speakerwit



out any prior perceptual training to produce the four torfes o
single Chinese initial-final pair.

3. Methodology

This work makes use of two corpora, both in the flight domain:
the Yinhe [13] corpus consisting @f, 218 spontaneous sen-
tences from native Mandarin speakers, and ftgame, an aedota
corpus of data collected during student practice sessidtlis w
our Flight Translation Game [14]. This section concernsaife
notation procedure and pitch normalization algorithm uged
the later analysis.

3.1. Annotation

Utterances from the ftgame corpus were transcribed usiag th
pinyin romanization of Chinese. A total &, 073 utterances
from 8 speakers2 female,6 male, were transcribed. The speak-
ers were all students of Mandarin Chinese with levels ofystud
from under1 year to approximatelyt years. Utterances that
included English, disfluencies, or partial words were edtetl
The remainingl, 702 utterances, containinty, 845 syllables,
were selected for annotation.

The annotation was performed Byative Mandarin speak-
ers from Taiwan using a web-enabled annotation interfaGg [1
Each annotator independently made a binaygo@ or bad)
judgement on the tone quality for each syllable. The anadtat
corpus contained a total 80, 070 judgements.

3.2. Fy Normalization

The major preceptual cue for distinguishing Mandarin tases
pitch shape, for whiclf is the primary feature. We extract the
Fp using the pitch extraction algorithm detailed in [16]. [@iff
ences in the meah), of speakers require that ttiey of the data

be normalized in order to make meaninful shape comparisons.

The normalization process, which is an extension of the
method discussed in [17], has three main steps. First, the de
lination for each utterance is removed. Second, dach the
utterance is scaled by a factor computed based on the uteeran
meanF;, and a globally computed corpus meB&p. Finally, a
logarithmic value for eacl¥y is computed and normalized to
place the pitch on a common scale.

The intonation of a sentence and the lexical tones both con-
tribute to Fy, and the effects of the two are not easily separated.
Our approach can be seen as attempting to subtract the-contri
bution of intonation toFy in order to gain access to the shape
of the lexical tone. Although some research [18] has fouad th
the rate of sentential downdrift in Chinese utterances uigpe
on sentence length and can be modeled using exponential de-
cay functions, Wang [19] found that a simple linear declorat
model still produced a significant improvement in tone dfass
cation. For simplicity, we adopted this method for remowing
intonation contour from the utterances.

Each Fy in the utterance is scaled by a constant factor to
remove Fy differences due to individual voice characteristics
and gender. This makes the utterance mBaequal to a fixed
global value.

The final step of the normalization process is to use Equa-
tion 1 to compute a log for eachy value based on a method
commonly used for Mandarin tone studies [12, 20, 21].

gz —lgL
T TlgH -1gL @
whereH and L are the highest and loweBt over all the tones

T(x)

L[] 2]13]4]51]6]
1] 1]045] 059] 0.45] 053] 0.44
2 T | 051 050 051 050
3 1 [ 042] 053] 046
4 1 057|052
5 1 053
6 1

Table 1: Cohen pairwise-statistics.

after declination is removed and the utterance has beeedscal
This places thd, on a common 5-pt scale for Mandarin orig-
inally proposed by [22], and allows for direct comparison of
contour shapes.

4. Resultsand Analysis

The analysis of the data is divided into two parts: corretati
and feature analysis. We analyzed ti@odbad judgements
of the six annotators to confirm that they could provide censi
tent assessments. The feature analysis uses these asgegsme
examine differences between native, non-nagwed and non-
nativebad tone productions.

4.1. Annotator Correlation

The annotation corpus was analyzed to assess the degree the
annotators agreed with one another on the quality of the non-
native tones. The average, pairwise raw percentage agnteme
was91.1%; however, this agreement is primarily due to the fact
that raters marked most syllables as hagogdtone quality.

We believe this is due to two main reasons: (1) the default
rating for a syllable in our system goodand (2) we instructed
the annotators to mark a tonelzed only if it would be a tonal
mistake they would point out to a student learning Chinesés T
was a deliberate design decision based on our approachrib poi
out only the worst errors.

Better correlation statistics are the pairwise Cohen
statistic [23] and the Fleiss-statistic [24], which measure the
amount of agreement when the probability of chance agree-
ment is removed. Coher is computed between two raters,
while Fleissk is computed for multiple raters. Table 1 sum-
marizes the Cohenr-statistics. The Fleisg-statistic for all
raters wad9).515. Overall, these correlations indicate a mod-
erate amount of agreement among the raters, using the scale
proposed by [25].

4.2. Tone Features

Previous work [17] that examined the differences between na
tive and non-native productions of tones made the impliit a
sumption that all tones produced by non-native speakere wer
bad This research further breaks down the non-native speech
into syllables native speakers judged gsod and those that
were judged adad and examines differences in easily ex-
tractedFy features.

Specifically, we examine those features found to be percep-
tually important for tonal contrasts in native speech (8gcWe
focus on tone shape and duration. The annotators did noyslwa
agree that tones were poorly produced. Since our eventahl go
is to provide assessments of the worst tones, we restricted o
analysis to tones with afjoodassessments or at least thbeel
assessments. The intuition is that if a tone was truly bademo
annotators would mark it dsad This allows sharper contrasts
to be seen in the analysis.
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Figure 1: Pitch contours for our native and non-native crapo
demonstrating differing sentential declination.
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Figure 2: Duration (ms) of Tone 1 syllables.

First, we examine the slope of the linear regression com-
puted as part of the normalization process. We found that our
native and non-native utterances have different dectingtiat-
terns. Figure 1 shows plots of tiig for utterances in the Yinhe
and ftgame corpora. Linear regressions on both datasets sho
that the native speakers exhibit a steeper decline overdhe n
malized length of an utterance than the non-native speakers

We hypothesize that the non-native speakers differ in their
intonation pattern for three reasons. First, intonatiotiepas
from English have been shown to interfere with production of
Mandarin tones [26]. Second, users interacting with theh¥in
system mostly issued commands. Students playing the Flight
Translation Game were given English language prompts and
told to provide a translation into Chinese. The uncertainty
correctly accomplishing this task may have induced theesttud
to have a final intonation rise after t88% time mark, as if ask-
ing for confirmation. Third, non-native speakers tend toehav
slower rate of speech in both the duration of the syllables an
pauses between them. This may manifest itself infifhas mi-
nor “pitch resets” throughout their sentences and corteitma
slower declination.

Duration plays a role in tonal contrasts for Mandarin speak-
ers. Tones 1 and 4 tend to have the shortest durations, Tone 2
is in the middle, and Tone 3 is usually the longest [8]. Dunati
of phonetic segments has been found in other studies (see for
example [27]) to correlate well with human judgements of-non
native pronunciation quality. Our measurements indichéd t
non-native speakers tend to produce syllables that aré8.7
longer in duration than those of native speaker46.2ms vs
92.1ms. We expected that duration would be a salient feature
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Figure 3: Mean logry for tones.

for tone quality perception; however, as Figure 2 showsrérep
sentative of all tones), this is not the case - non-nativelegs
are consistently slower for both good and bad productions.

The key contrasting feature for Mandarin tones is the shape
of the pitch contour. Figure 3 shows normaliz&g contours
for Tones 1-4. The blue and green lines represent the native
andgood non-native tones, and the red lines represenbtu
non-native tones.

QOur first observation is that in all four tondsad contours
are completely separated from the native contours in tefms o
normalized pitch register and that tgeod contours are very
close to the native counterparts. Work in [17] found thatilevh
native speakers are remarkably consistent in the relatiero
ing of the tone registers (Tone 1 and 4 are rendered at thestigh
pitches, then Tone 2, and then Tone 3), the non-native speake
are not as consistent. These results show that this intensis
is due tobad productions of the tones.

Our second observation is that the shapes of the contours
for the native andyood productions are almost identical. The
badproductions, in contrast, are completely different. Tore 1
produced at a high register with a flat slope; the bad produosti
are produced at a lower register with a negative slope. Tone 2
is produced at a lower pitch register with a flat initial sldpat
becomes slightly positive after the 30% time mark; the bad pr
ductions are initially produced at a high register with arpha
negative slope that is the complete opposite. Tone 3 staas a
lower pitch register with a slight negative slope that euaty
flattens out by the end of the syllable; the bad productioes ar
produced at a medium register and have a completely flat.slope

The one anomally is tone 4. Although both the native and
goodcontours start out at a high register (as expected), the non-
native production has a much sharper negative slope than the
native production. They both start at almost the same egist
have the same general shape, and both contrast stronghstagai
the shape and register of tiad contour. The difference in
the slope can be explained by noting that non-native spgsaker
may experience more difficulties producing tone 4 due to na-
tive language interference [28]. Our own research indgttat
non-native productions of tone 4 were much more likely to be
rated adadthan the other tones.

5. Conclusions and Future Work

This paper presents our research quantifying non-native-Ma
darin tone production errors based on native-speaker ssses
mentx. We showed that the annotators had a moderate agree-



ment with one another on a binagpodbad decision for the
tone quality of each syllable. We then used these assessment
to compare and contrast the features of good tone prodsction
and bad tone productions and found that they manifest them-
selves mainly in the shapes and height of the pitch contabes.
plan to use these features to implement assessment afgsrith
which will be incorporated into CALL games for students kear

ing Mandarin.
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