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1Chairof PatternRecognition,Universityof Erlangen-Nuremberg, Germany
2GraduateSchoolof InformationScience,NAIST, Nara,Ikoma,Japan

hacker@informatik.uni-erlangen.de

ABSTRACT

Commercialproductsthat supportL2-learnerswith computeras-
sistedpronunciationtrainingusuallyfocusperexerciseonly on one
possiblepronunciationmistake thatis typical for speakersof there-
spective L1 group. Acousticmodelsfor wordswith wrongpronun-
ciation areaddedto the system. In the presentpapera moregen-
eralapproachwith featuresthathave proved to be widely indepen-
dentof the learners'mothertongueis proposed.It is able to take
variouspossiblemistakes into considerationall at once. High di-
mensionalfeaturevectorsthatencodeprosodicvarietiesanddiffer-
encesof referenceandrecognizedsentencesareanalyzed.With the
ADABOOSTalgorithmthosefeaturesarefound,which containthe
mostimportantinformationto assessGermanchildrenlearningEn-
glish. With 35features89% of theagreementof expertsis achieved.

Index Terms— featureextraction,speechintelligibility

1. INTR ODUCTION

A lot of researchhasbeenfocusedon computerassistedpronunci-
ation training (CAPT) in the recentyearswhich supportsin most
caseslearnersof thesecondlanguage(L2) English. Primarily, lan-
guagespeci�c, rule basedapproacheshave beeninvestigated;all
rulesdependon thelearners'mothertongue.For theEuropeanlan-
guages,an importantresearchprojectwasISLE (describedby Her-
ronet al.[1]), thathasfocusedon adultGermanandItalian learners.
In theEuropeanprojectPf-Star[2] we focusedon speechtechnolo-
giesfor children.Basedon thesetechnologies,differentsystemsfor
theassessmentof pronunciationhavebeendevelopedin ourinstitute,
e.g to objectively evaluatespeechdisorderedchildrenwith a cleft
lip andpalate. Caller is a systemfor computerassistedlanguage
learningfrom Er langen[3], aclient/serversystemthatcanbestarted
in abrowser;speechis analyzedonaserver, e.g.placedin aschool's
computerroom(Fig.1).

In many commonapproachesto detectmispronunciations(like
in [1]) rulesfor possiblemispronunciationsareintroduced,e.g.Ger-
manstendto pronouncethe “w” in “where” like the “v” in “very”.
Acousticmodelsfor thewrongpronunciationareaddedto thespeech
recognizer. Thewordwith themostlikely mispronunciationis found
trying forced alignmenton different word sequences.To reduce
complexity, many systemsprovide thosealternative pronunciations
for only oneword persentence.Consequentlymispronunciationof

A partof this work wasfundedby theEuropeanCommission(IST pro-
gramme)in theframework of PF-STAR (GrantIST-2001-37599)andby the
GermanFederalMinistry of EducationandResearch(BMBF) in theframeof
SmartWeb(Grant01IMD 01F). Theresponsibilityfor thecontentlies with
theauthors.

all other words is not detectedat all. Caller integratesa similar
approachusingspeechrecognition(Fig.1, C), that is discussedin
[3]. In the “Fluency pronunciationtrainer” Eskenazietal. [4] in-
vestigateforced alignmentand prosodyto pinpoint pronunciation
errors. Someresearchis focusedon pronunciationfeatures,e.g.
on the phone-level the GOP-measurement(Goodnessof Pronunci-
ation): Witt et al. [5] calculatetheposteriorprobabilitiesof all de-
siredphones;for this purposeforcedalignmentscoresandtheout-
put of a phone-recognizerarecompared.Additional measurement
on higher levels (sentence-or text-level) areuseful to adaptto the
speakers' pro�cienciesor to calculatea markor scoreperexercise.
Neumeyeret al.[6] automaticallyscorenon-nativeson sentenceand
speaker-level: Correlationsare calculatedbetweenhumanexperts
and different features,e.g. HMM log-likelihood scores,posterior
probabilitiesof thedesiredphonefor eachphone-segment,word or
phonerecognitionrate,duration,andsyllabictiming. Differentcom-
binationtechniquesof sentencebasedscoresareinvestigatedin [7].
Differentaspectsof humanratingsarecomparedwith several ma-
chinescoresfor sentencesin [8].

In the presentpaper, pronunciationfeaturesandprosodicfea-
tures are combinedto 176 dimensionalfeaturevectors to detect
wrongly pronouncedwords. First, we describea corpuswith Ger-
manchildren readingEnglishsentencesthat hasbeenratedby 10
experts. In the next sectionthe featuresare described. With the
ADABOOSTalgorithmwe �nd out,which featuresprovideoptimal
classi�cationresults.Finally, experimentalresultsarediscussed.
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Fig. 1. The Caller-architecture.In the presentpaperwe focuson
pronunciationandprosodicfeatures.

2. CORPUSAND EXPERT RATINGS

The PF-STAR NON-NATIVE-database[2] containsrecordingsof
GermanchildrenreadingEnglishtexts: 57childrenfrom two differ-
entschoolsOHM andMONT. Altogetherthedatabasecomprises3.4
hoursof speech(4627utterances).The recordingsincludereading



N T1 T2 T3 T4 T8 T9 T10 T11 S
% 7.6 5.1 5.2 4.5 4.4 4.9 5.2 5.2 4.5 4.6
CL 69.1 78.1 80.4 83.2 82.1 80.0 70.7 80.4 79.0 69.7

Table1. % markedwords(strictness)for eachrater;agreementwith
all otherratersin % CL (unweightedaveragerecall).

errors,repetitionsof words,word fragments,andnonverbals. The
total sizeof thevocabulary is 942words. In this paperwe concen-
trateon 28 OHM-pupils(15 male,13 female)with age10 – 11 who
hadbeenlearningEnglish for half a yearonly. For this subsetof
1300utterances(72 min. of speech,8088words),ratingsareavail-
ablefrom 10experts;they labeledall wordsascorrectlypronounced
(default)or mispronounced.A Germanuniversitystudentof English
(graduatelevel, raterS) markedall pronunciationdeviations.Thein-
structionfor 8 Germanteachersof English(ratersT1– T4, T8– T11)
anda British native teacherof English(raterN) wasto mark those
words,wheretheteacherswouldhavestoppedandcorrectedthestu-
dentin class.T2, T3, andT4 have labeledthedatahalf a yearlater
again,to measuresomeintra-rateragreement.Ratingsof 12teachers
on thetext level have beenreportedin [9].

Tab.1 shows, that the strictnessof all ratersis similar; 4.4 –
5.2% of thewordsweremarked;only raterN marked7.6%. How-
ever, eventeachersseemnot to haveaperfectagreementfor themis-
pronouncedwords:Only T8andT11haveanintersectionof 267out
of 325or 355words.In thiscasethemeanrecallis 78%, in all other
casesit is lower. The agreementfor correctly pronouncedwords,
however, is high (recall 99% for T8 andT11). Consequently, only
in theselectionof wrongly pronouncedwordsfrom thesetof many
non-native accentuatedwordsteachersdiffer. If we build theunion
of mispronouncedwordsfrom all ratersweget18% of thewords;if
at least5 shouldagree,we obtain3.1% only. A goodcompromise
is theagreementof at least3 raters:the5.6% of markedwordsare
closeto eachrater's strictness.To measuretheoverall agreementof
eachteacherwith all other teachers(mispronouncedif marked by
at least3 teachers)we usetheclass-wiseaveragedrecognitionrate
(CL) whichis theunweightedmeanof therecallsRECw andRECc

for thetwo caseswronglyandcorrectlypronounced

CL = 0:5(REC w + RECc): (1)

Thesevaluesin Tab. 1, have a meanof 77.3% CL, highestfor T3
andlowestfor thestudentandthenativeannotator. Comparingpairs
of raters(not: onevs. all others),agreementis on theaverage70%
CL; teachersandtheir secondratingsagreewith 78 - 80 % CL.

The PF-STAR NATIVE-corpus(14.2hours,vocabulary of 1740
words)containsBritish childrenrecordedby theUniversityof Birm-
ingham[2]: 159children,age4 – 14. In thefollowing the NATIVE

datais usedto traintheacousticmodelsof thespeechrecognizerand
somestatisticsnecessaryfor pronunciationscoring.

3. FEATURES

To classify wrongly pronouncedwords, for each word a 176-
dimensionalhighly redundantfeature-vectoris calculated.113fea-
turesamongthemareprosodicfeaturesfrom ourprosodymodule;a
subsetof thesefeatureshasbeenintroducedin [10]. Further63 fea-
tureshave beendevelopedadditionally for pronunciationscoring;
thepronfex module(pronunciationfeatureextraction)is described
in [11]. For featurecalculationa forcedalignmentof thesentences
thatshouldhave beenuttered(thereferencesentencesareknown in
our task)is required(Fig.1, B) aswell asphonebaseddurationand
energy statisticsestimatedfrom theNATIVE children's data.

# Group Bestfeaturepergroup CL
25 ProsEne meanof theenergy [1,2] 59.9
10 ProsFFT energy FFTcoef�cient 0 [0,0] 58.4
26 Prosf 0 minimumof thef 0 [1,1] 53.6
22 ProsPos positionof f 0 onset[0,0] 60.0
7 ProsDur normalizedduration[-1,-1] 54.9
8 ProsJit meanof jitter [1,1] 52.9
8 ProsShim meanof shimmer[-1,-1] 53.0
7 ProsPauses pausesafterword [0,0] 58.5
2 Pauses long pausesafterword 53.5
3 ROS rate-of-speech* durationof word 62.2
5 DurLUT expectedword duration 60.9
3 DurScore prob. of observedduration/ ROS 61.7
7 Likelihood word-score(forcedalignm.) / ROS 64.3
3 LikeliRatio alignmentvs. recog.wordchain 57.4
3 PhoneSeq bigramprob. of phones/ ROS 59.1
4 Accuracy phonecorrectness 58.7
2 Con�dence posteriorscoreof word in reference 60.1
13 PhoneConf maximum(cf. Eq.2) 63.0
18 Context context [-1,0] of Likelihood 60.8

Table2. Featuregroupsof prosodicandpronunciationfeatures.CL
in % for thebestsinglefeaturepergroupwith theLDA classi�er.

For the pronunciationfeatureswe further needthe bestrecog-
nizedwordchainfrom a speechrecognizerthatincludestime align-
ment of the recognizedwords andphones(Fig.1, A), sincesome
featuresarebasedon a comparisonof the referenceandthe recog-
nizedword or phonesequences.The speechrecognizeris trained
on native data. Whereaswe could show in [11] that pronunciation
featuresbasicallyextract information independentof the learner's
mother tongue,we now extend the word recognizer's vocabulary
with 2533wordsthatcontainnumerouspossiblemispronunciations,
whichalsoincludesometypicalGermanmistakes.Thisway, wecan
do without any additionalphonerecognizerin our online system.
Thepronunciationvariationsarebasedonasetof 140phoneconfu-
sions,whichdraws adistinctionto carefullydesignedapproachesto
evaluatea singlesentencewith few selectedmispronunciationmod-
els asusedin Fig.1, C. The evaluationon non-nativesshows only
45.8% word accuracy with 4-gramlanguagemodelingafterremap-
ping pronunciationvariationsto the original 942 words,sincehere
the dif�cult tasksto recognizechildren's speechand to recognize
non-native beginnersof Englisharecombined.

In addition,aphonemebigrammodelhasbeenestimatedon the
referencetextsof thenativeandnon-nativedata.Somefurtherstatis-
ticsemployedfor thefeaturecalculationaremoredif�cult to obtain:
we compareon thephonelevel theforcedalignmentandtherecog-
nition resultto getstatisticsof typicalphone-confusionsoncorrectly
pronouncedandonwrongly pronouncedwords,respectively. To es-
timatetheseconfusionmatrices,we have to usethe NON-NATIVE

datawith theannotationsdescribedin Sec.2;however, weuseleave-
one-speaker-out (loo) featurecalculationand classi�cation, to en-
sure,thatthetestspeaker andhis phoneconfusionshave never been
observedduringtraining.A third phone-confusionstatistichasbeen
estimatedonnative Englishdata.

The ProsodyModule. Prosodicfeaturesarebasedon the en-
ergy, the fundamentalfrequency (f 0), jitter, shimmer, durationand
pauses.Thefeaturesarecalculatedfor eachword,and,additionally,
for someof the neighboringwordsto encodeinformationfrom the
context, e.g. [-2,-1] means,that thefeaturevalueis calculatedfrom
thetwo preceedingwords,[0,0] indicatesthecurrentword,and[1,1]
thesucceedingword. 25 featuresarebasedon theenergy (ProsEne)



of the signal,e.g. maximum,minimum, mean,the regressionand
somenormalizedenergy values. ProsFFT arethe �rst 10 Fourier-
coef�cients of theenergy trajectorywithin therespective word (ap-
prox. 1 - 8 Hz). Further26 featuresarecalculatedfrom thefunda-
mentalfrequency (Prosf 0): maximum,minimum,mean,thevalueat
theonset/offset(beginning/endof voicedregion),andtheregression.
Theposition(ProsPos) of e.g.theextremaof energy andf 0 encodes
durationcharacteristicsof a word (maximum,minimum,onset,etc.,
22features).Further7 durationfeatures(ProsDur) arecalculatedus-
ing thedurationthatis normalizedby therateof speech.16 features
arebasedon jitter andshimmer(ProsJit, ProsShim). Pausesbefore
andaftertherespectivewordaredescribedin 7 ProsPauses-features.
Tab.2 shows all featuregroups.

The PronfexModule. Further63featuresareprovidedfor pro-
nunciationscoring.Mostarecalculatedfor thecurrentword (by de-
faultcontext [0;0]); the�uctuation is modeledwith 18selectedCon-
text features.The numberof featuresper groupis given in Tab.2.
Pronfex provides2 further Pauses-featuresfor long pauses.Rate-
of-speechfeatures(ROS) representthenumberof phonesper time,
normalizedin differentways. All otherpronunciationfeaturesalso
differ per groupoften in the way of normalization. A detailedde-
scriptioncanbefoundin [11]. DurLUT comparestheobservedand
the expecteddurationbasedon durationstatistics. DurScore gives
the probability of the observed duration. The log-likelihoodof the
words in the referenceis usedin 9 Likelihood features;LikeliRa-
tio comparesthescoresof therecognizedword andtheword in the
reference.Theprobabilityof the recognizedphonesequencegiven
a phonebigrammodel is calculatedin PhoneSeq. Accuracy is the
phoneaccuracy or thephonecorrectnessif insertionsarenot penal-
ized. Further, from the recognizercon�dencescoresareobtained,
e.g. theposteriorprobabilityof the word in the reference.Finally,
thephoneconfusionfeatures(PhoneConf) comparerecognitionand
forcedalignmenton thephonelevel. It is analyzed,whethertheob-
served phoneconfusionis betterrepresentedby the confusionma-
trix of wrongly pronouncedwords(M 1) or theconfusionmatrix of
correctlypronouncedwords(M 0). Thelattermatrix is for somefea-
turesreplacedwith theconfusionmatrixof phonesutteredby natives
(M E ). As wordfeatures,themaximum,minimum,mean,etc.of the
phonebasedobservationsareused,e.g.

PhoneConf-mean:
1
N

X

j

P(qj jpj ; M 1)=P(qj jpj ; M 0) (2)

whereqj is therecognizedphoneandpj thephonein thereference
(j = 1 : : : N : indicesof phonesin theword).

4. ADABOOST

In thispaperit is investigatedwhichsubsetof the176correlatedfea-
turesis most important. A widely usedalgorithmis ADABOOST,
thatselectsthoseweakclassi�ersthatusecomplementaryinforma-
tion andcombinesthemto astrongclassi�er. ADABOOSThasbeen
introducedbyFreundandSchapire[12] andhasturnedoutto bevery
robustagainstover�tting to the trainingdata[13]. In our caseeach
weakclassi�er is trainedon exactly oneof our 176 features.The
classi�erconsistsof athresholdandasignto determinetheclass,ei-
therwrongly or correctlypronounced.To detectmispronunciation,
we selectdifferentnumbersof features(weakclassi�ers)thatare�-
nally combinedto a strongclassi�er andevaluatedon the testdata
set.A weakclassi�erht (x i ) for thewordx i returns1, if mispronun-
ciationis classi�edand0 else.In the�rst step,we calculateoptimal
thresholdsfor eachweakclassi�er on thetrainingdata;thecriterion
is CL (Eq.1). Thealgorithmis thefollowing, startingwith t = 0:

�� Group Selectedfeature
0.82 PhoneConf mean(de�ned in Eq.2)
0.52 Likelihood word-score(forcedalignment)
0.28 Context context [-1,0] of Con�dence
0.27 ProsFFT FFTcoef�cient 1 [0,0]
0.26 DurLUT scatterof phonedurationdeviation
0.24 Con�dence posteriorscoreof word in reference
0.22 ProsFFT FFTcoef�cient 0 [0,0]
0.21 Prosf 0 regressionof thef 0 [-1,0]
0.21 PhoneSeq bigramprob. of phones/ #phones
0.19 ProsPos positionof themaximalf 0 [1,1]
0.17 ProsEne minimumof theenergy [-2,-1]
0.17 ProsDur normalizedduration[-1,0]
0.16 PhoneConf maximumconfusionscore(cf. Eq.2)
0.15 ProsEne meanof theenergy [1,2]
0.15 PhoneConf minimumconfusionscore(cf. Eq.2)

Table3. Top15featuresselectedwith ADABOOSTandrankedwith
theirmean� -valuesafterEq.3.

1. A weightw0;i is assignedto eachword i of thetrainingdata,
sothattheweightsof eitherclasssumup to 0:5.

2. Choosetheweakclassi�er ht (:) with lowesterror� t : Words
thatarewrongly classi�edcontributewith wt;i to theerror.

3. Usegreaterweightsfor all wronglyclassi�edwords:

wt +1 ;i = wt;i
1 � � t

� t
; � t = log(

1 � � t

� t
) (3)

4. Normalizetheweights;t = t + 1; goto2.

Due to the new weights,the secondbestfeatureusescomple-
mentaryinformationandso on. In the end,the strongclassi�er is
obtainedby a linearcombinationof all selectedweakclassi�ers:

X

t

� t ht (x ) �
1
2

X

t

� t (4)

shows thatx is mispronounced.

5. EXPERIMENTS AND RESULTS

All experimentsareconductedon the non-native childrendataus-
ing leave-one-speaker-out (loo) evaluationon 28 speakers. Words
arelabeledasmispronouncedif at least3 ratersagree.First, single
featuresareevaluatedwith theLDA classi�er (Tab.2). Bestresults
areobtainedwith pronunciationfeatures,in particularwith the log-
likelihoodof therecognizedword,normalizedby therate-of-speech,
and the maximumphoneconfusionper word PhoneConf-max(cf.
Eq.2, maximuminsteadof mean).Prosodicfeatureshave low clas-
si�cation rate,however, they will be a usefulextensionto the pro-
nunciationfeatures.

Featureselectionwith ADABOOST is also performedin loo
mode. In eachloo iteration PhoneConf-meanis the optimal fea-
ture (Eq.2) andthesecondbestis alwaysLikelihoodexceptin one
case,whereDurLUT wins. Thethreefeaturesthatfollow next con-
tain in mostcasesProsEne, ProsFFT anda Context featurebased
on thecon�dence(posteriorprobabilityof thereferenceword in the
recognizer's wordgraph).

Now, theADABOOSTresultsof all loo iterationsaremergedus-
ing thescores� t from Eq.3. Foreachfeaturethemeanof therespec-
tive values� t is built from all 28 loo iterations.Those�� t areused
to re-sortthe joint featurelists. Tab. 3 shows the top 15 of thenew



recognition rate (RR)

class-wise averaged recognition rate (CL)

 76

 68
 66

 74
 72

 64
 62

 60

 70

 20  50 0  10  70 60

cl
as

si
fic

at
io

n 
ra

te
 [%

]

# features

Fig. 2. Classi�cationrateson the testdatafor differentnumbersof
featuresselectedwith ADABOOST(loo-evaluation).
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Fig. 3. ROCevaluationbasedon35 features.

ranking. PhoneConfappearseven threetimesandmany prosodic
featuresareselected.Not visible in thetableareProsPauses(top19,
�� = 0:12), ProsShim(top 29, �� = 0:08), ROS(top 33, �� = 0:07),
Accuracy(top36, �� = 0:06), andProsJit(top45, �� = 0:05). Some
featuregroupsare not selectedat all in the 70 best features' list
andpossiblyreplacedwith featureswith similar classi�cationper-
formance. Using 15 features,the classi�cation rate is 66.7%CL,
with 35features68.6%CL. Theoverall recognitionrateRR(% cor-
rectly classi�ed)risesfrom 73.0to 74.2 %. Fig.2 shows theperfor-
mancedependentonthenumberof features.Evenwith largefeature
numbersnoover�tting to thetrainingdatais observed: classi�cation
rateriseson thetestset.ROC-evaluationis shown in Fig3.

Comparingtheloo iterationswe found,thatsimilar featuresare
selected.In [11], it couldbeshown thatclassi�cationwith pronun-
ciation featureseven works, if we train and test on speakers with
differentnative tongues.In the following we investigatethedepen-
dency on individual raters. It turnedout, that for eachrater sim-
ilar featuresare selected,in particularPhoneConfand Likelihood
arealwaysamongthe top features.The only exceptionis raterS:
One of the ProsPauses-featuresis the best feature,followed by a
PhoneConf-featurethat is calculatedon thenative phone-confusion
matrix (M E ) insteadof usingthe correctlypronouncednon-native
words(M 0). The rating is not like a teacherwould do, but a pre-
cisecomparisonwith native speechthat alsoconsiderspausesand
hesitationsasuncertaintyof theL2-learner.

6. DISCUSSION

With the ADABOOST algorithma subsetof the 176 prosodicand
pronunciationfeatureswasselected.The15 bestfeaturescombine
uncorrelatedinformation, including prosodyand information from
a speechrecognizer. They considerphoneconfusionsthatdiffer in
automaticspeechrecognitionfor correctandwrong pronunciation.
Con�dencemeasuresareusedfrom thespeechrecognizerandlog-
likelihoodscoresfrom theforcedalignment.Theenergy of theword
is analyzedwith thelowestFourier-coef�cients andmean/minimum
valuesfrom thepreceedingandsucceedingwords. Theprior prob-

ability of the observed phonesequence(it differs due to the 2533
mispronunciationmodelsof thespeechrecognizer)is estimatedwith
bigramstatistics.As for thef 0 , slopeandpositionof themaximum
areanalyzed.The normalizeddurationandthe deviation from av-
eragedurationsestimatedon native speakers is considered.With
35 features68.6% CL (74.2% RR) wasachieved. This is 89% of
theagreementof humanexperts(77.3% CL). However, with com-
parablefalsealarmrateonly 27% of theaverageteachers'recallfor
mispronunciationis reached(47% of S). Teachershaveahighagree-
menton correctlypronouncedwords,but a surprisinglylow hit-rate
on mispronouncedwords,even if we compareteacherswith them-
selves. Currently, this featureset is beingintegratedin our Caller
system. It is combinedwith a commonapproachthat is basedon
acousticmodelswith selected,typicalGermanmispronunciations.
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