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ABSTRACT

We proposeaneffectivepronunciationlearningsystemus-
ing speechprocessingandrecognitiontechnologies.For
automaticphonemicerrordetection,weperformpronunci-
ation error predictionwith orthographictext. To improve
its reliability, weadoptspeakeradaptationandsegmentin-
put pair-wise classifierfor effective feedbackto generate
personalizedinstruction.We alsoadoptformantfrequency
normalizationtechnique(ML-VTLN andMMSE). Theef-
fectof adaptationandnormalizationis addressedin thepa-
per.

1. INTRODUCTION
We presenta CALL systemfor Japanesestudentslearning
Englishlanguage.As Englishhasa muchlargerphonemic
inventorythanJapaneselanguage,Japanesestudentshave
to discriminatephonemesthat are not usedin Japanese,
suchas/l/ and/r/, /aa/and/ae/.Theseconfusionsareoften
critical in masteringEnglishfor Japanesestudents.There-
fore,automaticphonemicerrordetectionandguidanceare
addressedin thispaper.

Our primary goal of this researchis to give effective
feedbackbasedon reliablephonemicerror detection.For
this purpose,a numberof researchershave usedspeech
recognitiontechniquesfor pronunciationlearningsystems[1][2].
Kawai et al proposedan approachthat detectspronunci-
ation errorswith both L1 and L2 acousticmodelsand a
pronunciationerror lattice[3]. For pronunciationerrorde-
tection,they usespeaker independentmodelwhich limits
theaccuracy of segmentationanddetection.To overcome
this problem,we introducespeaker adaptationtechnique.
Moreover, we addresseffective feedbackinstructionbased
onarticulatoryfeatures,which is adoptedto thelearners.

2. SYSTEM OVERVIEW
Figure1 shows the overview of this system. The system
consistsof threeparts:(1)speakeradaptation(2) phonemic
errordetection(3) guidancegeneration.

In speaker adaptation,we use Maximum Likelihood
LinearRegression(MLLR) with speechsamplesfrom stu-

dents’speechtocopewith speakervariabilityandtheacous-
tic differencebetweennativespeakers’andstudents’speech[4].

Phonemicerror detectionis realizedwith pronuncia-
tion errorpredictionandpair-wisediscriminationwith seg-
mentinput. For a giventrainingtext, thesystemautomati-
cally generatesapronunciationerrornetwork to coverpos-
sible error patterns. This network effectively guidesthe
automaticspeechrecognitionsystemto align phonemese-
quencesandidentify erroneousphonemesegments.To en-
hanceerror detection,we usepair-wise classifierswhich
areoptimizedtodiscriminatetheerroneousandcorrectphoneme
segments.

For effective feedbackfor vowels,we usean articula-
tory chartandformantfrequencies,whichrepresentthear-
ticulatoryelements.For consonants,we usethefiguresof
articulationcorrespondingto students’errors.���	��
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Figure1: Systemoverview



Table1: Speakeradaptationwith labels(recognitionrate)
model No adaptation Lexicon label hand-label
NativeEnglishmodel 72.91% 77.13% 77.27%

Table2: Phonemerecognitionrate(%)with severaltypesof acousticmodeling
model label(adaptation,PW1) baseline adaptation PW adaptation+PW
NativeEnglish 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%

Japanesestudents’English Automaticlabeling2(o,x) 74.60% 77.54% 80.60% 82.34%
Automaticlabeling3(x,o) 75.42% 79.04% 80.18% 82.25%
Automaticlabeling4(o,o) 74.60% 77.54% 80.60% 82.34%

3. PRONUNCIATION ERROR DETECTION

3.1. Method of Pronunciation Error Detection
Prediction Method
To predictpronunciationerrors,wemodelederrorpatterns
of Japanesestudentsaccordingto linguistic literature[5].

For a given training text (orthographictranscription),
the model is usedto automaticallygeneratea network as
shown in Figure 2 to cover possibleerror patterns. The
modelincludesthetypicalJapanesesubstitutionerrorslisted
in Table3 andvowel insertionbetweenconsonantswhich
affectsthe alignmentof phonemes.The predictioneffec-
tively guidesthe automaticspeechrecognitionsystemto
align phonemesequencesandidentify erroneousphoneme
segments. FG H�IJ K
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Figure2: Exampleof pronunciationnetwork

Table3: Examplesof substitutionerrors
No counterpartin L2 syllable t S / TCS tu/tsU siV / W i V
No counterpartin L2 phoneme l/r b/v s/X
Allophone m/n/Y Z / [
Vowel substitution \�V /oU i V / S u V / U

Speaker Adaptation
Accuratesegmentationand discriminationis not an easy
tasksincethestudents’speechisdifferentfromnativespeak-
ers’. To compensatefor acousticvariation,we introduce
speakeradaptationusingMaximumLikelihoodLinearRe-
gression(MLLR). Thereis a problemin applyingsuper-
visedadaptationin CALL systemssincethestudents’pro-
nunciationis not necessarilycorrect. Thus, we compare
two adaptationlabels:lexicon labels(baseform)andhand-
labels that countserroneouspronunciation. The speech
corpuscontainsabout6000 wordsspeechutteranceby 7

1PWindicatespair-wisediscrimination

Japanesestudents[6]. Amongthem,100word samplesare
usedfor adaptationandothersamplesfor evaluation.The
result is shown in Table1. Adaptationeven with the or-
thographictranscriptionsimprovesrecognitionaccuracy by
about10%.

Pair-Wise Discrimination
To enhanceerror detection,we also introducepair-wise
segmentclassifiersthatarespecificallydesignedtodiscrim-
inatetheconfusingphonemes.Whenapronunciationerror
is detectedwith automaticspeechrecognition,threeframes
in the middle of the phonemesegmentare extractedand
verifiedthatthephonemeis actuallypronunciationerror.

We have confirmedwith native speechdatathat pair-
wise classificationachieves accuracy of more than 90%
while theHMM-basedphonerecognitionaccuracy isaround
60%. Thus,togetherwith errorpredictionmechanism,the
errordetectionwith highaccuracy is realized.

3.2. Comparison of Acoustic Models

For detectionof pronunciationerrorsof students,weexam-
ine two kindsof acousticmodels:native Englishacoustic
modelandstudents’Englishmodel.

Native English Model
We constructnative Englishmodelfrom TIMIT database.
Thespeechdataweresampledat16kHzand16bit. Twelfth-
ordermel-frequency cepstralcoefficients(MFCC)arecom-
putedevery10 ms. Temporaldifferenceof thecoefficients
( ] MFCC) and power ( ] LogPow) are also incorporated.
Cepstralmeannormalization(CMN) is performedon ev-
eryutterance.

Japanese Students’ English Model

WeuseJapanesestudents’EnglishcorpuscompiledbyMEXT
fundedproject1. But it doesnot have phoneticlabels.We
maketwo kindsof phoneticlabelsfor them:phoneticlabels
from lexiconbaseformsandlabelsfrom automaticlabeling
with native Englishmodel. We alsocomparefour kinds
of automaticlabeling:No adaptation,adaptation,pair-wise
discrimination.

1theMinistry of Education,Culture,Sports,ScienceandTechnology,
Grant-in-Aidfor ScientificResearchonPriority Areas,No.12040106.



Experimental Results

Table2 showsthephonemicrecognitionresultsof compar-
isonamongvariousacousticmodels.Fourkindsof ecogni-
tion resultsfor eachmodelarecalculated:baseline,adap-
tation, pair-wise discriminationand both adaptationand
pair-wisediscrimination.We confirmedthesynergisticef-
fect of adaptationandpair-wise discrimination. The best
acousticmodel is Japanesestudents’model with lexicon
labels. Without adaptationand pair-wise discrimination,
this modelyields 3% betteraccuarcy thannative English
model. This superioritydecreasesto 2% after adaptation.
After pair-wisediscrimination,it almostdisappear. Thisre-
sult indicatesthatwith adaptationtechniqueandpair-wise
discrimination,nativeEnglishmodelcanachieve thesame
performanceasJapanesestudents’model.

4. GUIDANCE GENERATION

4.1. Guidance for Vowel

Formant Structure Estimation
For effective feedbackfor vowels, it is necessarynot only
to point out incorrectarticulatorycategories,but also to
preciselyspecifyhow to correctarticulation.We useanar-
ticulatory chartandformantfrequencies,which represent
thearticulatoryelements.However, absolutevaluesof the
formantfrequencies,which we call formantstructure,are
differentfor eachpersonandmustbenormalized.In sec-
ond languagelearning,unlike automaticspeechrecogni-
tion systems,students’pronunciationsamplesmaynot be
reliable for estimatingnormalizationparameters.So, we
selectcorrectvowel segmentsthroughthe error detection
methodmentionedabove.

Normalization of Formant Frequency

1. ML-VTLN

Maximum Likelihood Vocal Tract Length Normalization
(ML-VTLN) isusedtodealwith speakervariability in speech
recognitiontask.ML-VTLN performsspectralwarpingso
thatwarpedfeatureX givesmaximummatchingprobabil-
ity for givenacousticmodelA andtranscriptionW.^_a`cb7d:e6fgbihjlknmpo jrq sut:vxw

(1)

ML-VTLN is efficiently integratedwith filter bankWarp-
ing parameter_ is chosenbetween0.70and1.3 with 0.2
step.We usethe _ asnormalizationparameterfor formant
frequency.

2. MMSE

We alsotestMinimum MeanSquareError (MMSE) crite-
rion. The parameter_ is chosento minimize the follow-
ing equation,where y is mel-scaleformantfrequency of
thespeaker and y{z is themeanof the formantfrequency

Table4: Evaluationof Normalization(Hz)
i | e æ }

before 91.3 77.6 75.5 85.9 82.5
ML-VTLN 104.4 79.4 74.6 84.1 75.0
MMSE 72.5 66.4 58.3 63.9 80.9

a ~ � 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 speakers. For eachvowel, we compute
thestandarddeviationof theformantfrequency amongthe
native speakers. Then,we minimizethemeanof thestan-
darddeviationsamongvowels.

��� ���:�����0������ � ��8���p� �,� ��� � �,� �
� ���� �*�����"� (2)

Evaluation of Formant Frequency Normalization
To verify the normalizationmethods,we collect speech
samplesfrom nativespeakersof English.They utterwords
in context /b-V-t/2. Evaluationis donewith equation(2).
Theresultsareshown in Figure3 and4 andTable4. It is
confirmedthatstandarddeviation decreasesby 14Hz. Us-
ing thisnormalizationmethod,wemakeguidanceasshown
in Figure5.

300

400

500

600

700

800

900

200 400 600 800 1000 1200 1400 1600 1800

Speaker A

Speaker B

Speaker C

Speaker D

F1[Hz]

F2-F1[Hz]

I

i
u

ae

Figure3: Formantdistribution of vowel beforenormaliza-
tion
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Figure4: Formantdistribution of vowel afterMMSE nor-
malization

2V meansoneof Englishvowels



Figure5: Exampleof Guidancefor Vowels
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Figure6: Exampleof Guidancefor Consonants

4.2. Guidance for Consonant

For consonants,phonemicerrorsareindicatedwith ahigh-
lighted button asshown in Figure6. Studentsget articu-
latory instructionfor erroneousphonemessuchasshown
in the right part of vowel guidanceby clicking the corre-
spondingbutton.

5. CONCLUSION

In this work, we have examinedthe feasibility of CALL
systemfor Japanesestudentsof Englishusingpronuncia-
tion error predictionandformantstructureestimation. In
the experiment,we have confirmedthat thesetechniques
effectively detectpronunciationerrors.
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