CALL SYSTEM FOR JAPANESE STUDENTSOF ENGLISH USING PRONUNCIATION
ERROR PREDICTION AND FORMANT STRUCTURE ESTIMATION

YasushiTsubotaf TatsuyaKawaham{ Masatale Dantsujii

tGraduateSchoolof Informatics,Kyoto University, Kyoto, Japan
iCenterfor InformationandMultimediaStudies GraduateSchoolof Informatics,
Kyoto University, Kyoto, Japan
T {tsubota,kavaharg @kuis.koto-u.ac.jp 1 dantsuji@i.koto-u.ac.jp

ABSTRACT

We proposean effective pronunciatioriearningsystemus-
ing speechprocessingand recognitiontechnologies. For
automatigghonemicerrordetectionwe performpronunci-
ation error predictionwith orthographictext. To improve
its reliability, we adoptspealer adaptatiorandsegmentin-
put pairwise classifierfor effective feedbackto generate
personalizedhstruction.We alsoadoptformantfrequeng
normalizatiortechniqugMML-VTLN andMMSE). Theef-
fectof adaptatiorandnormalizatioris addresseth thepa-
per

1. INTRODUCTION

We presentt CALL systemfor Japanesstudentdearning
Englishlanguage As Englishhasa muchlargerphonemic
inventorythan Japanestanguage Japanesstudentshave
to discriminatephonemeghat are not usedin Japanese,
suchas/I/ and/r/, laa/and/ae/. Theseconfusionsareoften
critical in masteringenglishfor Japanesstudents.There-
fore, automatigphonemicerrordetectionandguidanceare
addresseih this paper

Our primary goal of this researchs to give effective
feedbackbasedon reliable phonemicerror detection. For
this purpose,a numberof researchersiave usedspeech

recognitiortechniquegor pronunciationearningsystems[12].

Kawai et al proposedan approachthat detectspronunci-
ation errorswith both L1 andL2 acousticmodelsand a
pronunciatiorerror lattice[3. For pronunciatiorerrorde-
tection,they usespealer independenmodelwhich limits

theaccuray of sgmentatioranddetection.To overcome
this problem,we introducespealer adaptatiortechnique.
Moreover, we addres®ffective feedbacknstructionbased
onarticulatoryfeatureswhichis adoptedo thelearners.

2. SYSTEM OVERVIEW

Figure 1 shaws the overview of this system. The system
consistof threeparts:(1)spealer adaptatior(2) phonemic
errordetection(3) guidancegeneration.

In spealer adaptation,we use Maximum Likelihood
LinearRegressionNMLLR) with speectsampledrom stu-

dents’speecho copewith spealervariability andtheacous-
tic differencebetweemative spealers’andstudentsspeech[4

Phonemicerror detectionis realizedwith pronuncia-
tion errorpredictionandpair-wisediscriminationwith seg-
mentinput. For a giventrainingtext, the systemautomati-
cally generatea pronunciatiorerrornetwork to cover pos-
sible error patterns. This network effectively guidesthe
automaticspeectrecognitionsystemto align phonemese-
guencesandidentify erroneouphonemesggments.To en-
hanceerror detection,we use pair-wise classifierswhich
areoptimizecdto discriminateheerroneousindcorrectphoneme
segments.

For effective feedbackfor vowels, we usean articula-
tory chartandformantfrequencieswhichrepresenthear
ticulatory elements.For consonantsye usethe figuresof
articulationcorrespondingo studentserrors.
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Figurel: Systemoverview



Tablel: Spealer adaptatiorwith labels(recognitionrate)

model

No adaptation

Lexiconlabel | hand-label

Native Englishmodel | 72.91%

77.13% 77.27%

Table2: Phonemeecognitionrate(%)with severaltypesof acoustionodeling

model label (adaptation,P\ baseline| adaptation| PW adaptation+PW|

Native English 72.91% | 77.67% 77.13% | 81.93%
baseform 75.41% | 79.81% 80.52% | 82.40%
Automaticlabeling1(x,x) | 73.36% | 77.20% 80.09% | 81.92%

JapanesstudentsEnglish | Automaticlabeling2(o,x)| 74.60% | 77.54% 80.60% | 82.34%
Automaticlabeling3(x,0)| 75.42% | 79.04% 80.18% | 82.25%
Automaticlabeling4(o,0)| 74.60% | 77.54% 80.60% | 82.34%

3. PRONUNCIATION ERROR DETECTION

3.1. Method of Pronunciation Error Detection
Prediction Method
To predictpronunciatiorerrors,we modelederrorpatterns
of Japanesstudentsaccordingo linguistic literature[§.
For a given training text (orthographictranscription),
the modelis usedto automaticallygeneratea network as
shavn in Figure 2 to cover possibleerror patterns. The
modelincludesthetypicalJapanessubstitutiorerrorslisted
in Table3 andvowel insertionbetweenconsonantsvhich
affectsthe alignmentof phonemes.The predictioneffec-
tively guidesthe automaticspeechrecognitionsystemto
align phonemesequenceandidentify erroneouphoneme
segments.

Figure2: Exampleof pronunciatiometwork

Table3: Examplesof substitutiorerrors

No counterparin L2 syllable | ti/tf1 | tu/tsu | sit/fi:
No counterparin L2 phoneme| I/r b/v sk
Allophone m/nhy | &/3

Vowel substitution sot/ou | iih ur/u

Speaker Adaptation

Accuratesggmentationand discriminationis not an easy
tasksincethestudentsspeecthis differentfrom native speak-
ers’. To compensatdor acousticvariation, we introduce
spealer adaptatiorusingMaximumLik elihoodLinearRe-
gression(MLLR). Thereis a problemin applying super
visedadaptatiorin CALL systemsincethe studentspro-
nunciationis not necessarilycorrect. Thus, we compare
two adaptatioriabels:lexicon labels(baseformpandhand-
labels that countserroneouspronunciation. The speech
corpuscontainsabout6000 words speechutteranceby 7

Ipwindicatespairwisediscrimination

Japanesstudents[f Amongthem,100word samplesare
usedfor adaptatiorand othersampledor evaluation. The
resultis shavn in Table1. Adaptationeven with the or-
thographidranscriptionsmprovesrecognitionaccurag by
about10%.
Pair-Wise Discrimination
To enhanceerror detection,we also introduce pairwise
segmentclassifierghatarespecificallydesignedo discrim-
inatethe confusingphonemesWhena pronunciatiorerror
is detectedvith automaticspeechrecognitionthreeframes
in the middle of the phonemesggmentare extractedand
verifiedthatthe phonemas actuallypronunciatiorerror.
We have confirmedwith native speechdatathat pair
wise classificationachieres accurag of more than 90%
while theHMM-basedphonerecognitioraccurag is around
60%. Thus,togethemwith error predictionmechanismthe
errordetectionwith highaccurag is realized.

3.2. Comparison of Acoustic Models

For detectiorof pronunciatiorerrorsof studentsye exam-
ine two kinds of acousticmodels: native Englishacoustic
modelandstudentsEnglishmodel.

Native English Model

We constructnative Englishmodelfrom TIMIT database.
Thespeechdataweresamplecat16kHzand16 bit. Twelfth-
ordermel-frequeng cepstraktoeficients(MFCCarecom-
putedevery 10 ms. Temporaldifferenceof the coeficients
(AMFCC) and power (ALogPow) are alsoincorporated.
Cepstralmeannormalization(CMN) is performedon ev-
ery utterance.

Japanese Students English Model

We useJapanesstudentsEnglishcorpuscompiledby MEXT
fundedproject. But it doesnot have phoneticlabels. We
malke two kindsof phonetidabelsfor them:phonetidabels
from lexicon baseformandlabelsfrom automatidabeling
with native English model. We also comparefour kinds
of automatidabeling: No adaptationadaptationpair-wise
discrimination.

1the Ministry of Education Culture, Sports Scienceand Technology
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Experimental Results

Table2 shavsthephonemiaecognitionresultsof compar
isonamongvariousacoustianodels.Fourkindsof ecogni-
tion resultsfor eachmodelare calculated:baseline adap-
tation, pairwise discriminationand both adaptationand
pair-wisediscrimination.We confirmedthe synegistic ef-
fect of adaptatiorand pair-wise discrimination. The best
acousticmodelis Japanesstudents’model with lexicon
labels. Without adaptationand pair-wise discrimination,
this modelyields 3% betteraccuarg thannative English
model. This superioritydecreaseto 2% after adaptation.
After pairwisediscriminationjt almostdisappearThisre-
sultindicatesthatwith adaptatiortechniqueandpairwise
discrimination hative Englishmodelcanachiese the same
performancasJapanesstudentsmodel.

4. GUIDANCE GENERATION

4.1. Guidancefor Vowel

Formant Structure Estimation

For effective feedbackfor vowels, it is necessaryot only
to point out incorrectarticulatory categories, but alsoto
preciselyspecifyhow to correctarticulation.We useanar-
ticulatory chartand formantfrequencieswhich represent
thearticulatoryelements However, absolutevaluesof the
formantfrequenciesyhich we call formantstructure are
differentfor eachpersonandmustbe normalized.In sec-
ond languagelearning, unlike automaticspeechrecogni-
tion systemsstudents’pronunciationsamplegnay not be
reliablefor estimatingnormalizationparameters.So, we
selectcorrectvowel sggmentsthroughthe error detection
methodmentionedabove.

Normalization of Formant Frequency
1. ML-VTLN

Maximum Lik elihood Vocal Tract Length Normalization

Table4: Evaluationof Normalization(Hz)

i I e ® A
before 91.3 | 77.6| 75,5 | 85.9 | 82.5
ML-VTLN | 104.4| 79.4| 74.6 | 84.1 | 75.0
MMSE 725 | 66.4|58.3 |63.9 | 80.9

a o) U u total
before 94.8 | 86.9|111.8| 164.3| 96.7
ML-VTLN | 86.1 |91.3|92.5 | 150.2| 93.1
MMSE 73.4 | 82.2|85.3 | 160.9| 82.3

amongthe native spealers. For eachvowel, we compute
the standardleviation of the formantfrequeng amongthe
native spealers. Then,we minimize the meanof the stan-
darddeviationsamongvowels.
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Evaluation of Formant Frequency Nor malization

To verify the normalizationmethods,we collect speech
samplegrom native spealersof English. They utterwords
in context /b-V-t/2. Evaluationis donewith equation(2).

Theresultsareshavn in Figure3 and4 andTable4. It is

confirmedthatstandarddeviation decreaseby 14Hz. Us-

ing thisnormalizatiormethod we make guidanceasshovn

in Figure5.
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(ML-VTLN) is usedo dealwith spealervariabilityin speech Figure3: Formantdistribution of vowel beforenormaliza-

recognitiontask. ML-VTLN performsspectraarpingso
thatwarpedfeatureX givesmaximummatchingprobabil-
ity for givenacoustiomodelA andtranscription\.
& = arg max P(X*|W, A) (1)
[e3
ML-VTLN is efficiently integratedwith filter bank Warp-
ing parametery is chosenbetween0.70and 1.3 with 0.2
step.We usethe o asnormalizatiorparametefor formant
frequeng.

2. MMSE

We alsotestMinimum MeanSquareError (MMSE) crite-
rion. The parameter is chosento minimize the follow-
ing equationwhereM is mel-scaleformantfrequeng of
the spealer and M is the meanof the formantfrequeny

tion
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2V meanoneof Englishvowels



li Front _— Tongue position [,
0 srl:\' 2422201.81.61.41.21.0080.6040.2

2 025
s 03 _
! = Dﬁf} i B Correct
. 045 |~ 4 ¥ p s
kK 7. . ronunciation
Z o3 K il ;
0.6 [ G
g 0.65
3 Du?g f.?-"_-v:ﬁ’:ﬁ sh
=
2 09 / - -
g n,lg.g ~ Your
| P k2] Som S Yy ‘ Pronunciation |
2 |
kL ur.'-:ﬁ 8 i eyt
'?Eﬁ" E;ng‘ l"‘}h’-l ﬁ%‘ ' bat{beaet)
o b-se-t & p-ah-t TEFLTWVET. _ e
e B RO RSO LR EME Y LSRR LTATL
;i;'{ﬂ:lh--w-t 1 b N
ha it (bey-t) I Ia | ::%‘-u .—-E-..' A e FTE T bei-t-=11
bott vt 'f?%ﬁ.?@{-i‘e?: € RS 4 ISt i
e Vel W R W | R | w ?
Figure5: Exampleof Guidancefor Vowels
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4.2. Guidancefor Consonant
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