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ABSTRACT

Commercialproductsthat supportL2-learnerswith computeras-
sistedpronunciatiortraining usuallyfocusper exerciseonly on one
possiblepronunciatiommistale thatis typical for speakrsof there-
spectve L1 group. Acousticmodelsfor wordswith wrong pronun-
ciation are addedto the system. In the presentpapera more gen-
eralapproachwith featuresthathave provedto be widely indepen-
dentof the learners'mothertongueis proposed.lt is ableto take
variouspossiblemistalesinto consideratiorall at once. High di-
mensionafeaturevectorsthatencodeprosodicvarietiesanddiffer-
encef referenceandrecognizedsentenceareanalyzed With the
ADABOOST algorithmthosefeaturesarefound, which containthe
mostimportantinformationto asses&ermanchildrenlearningEn-
glish. With 35feature89% of theagreemenof expertsis achieved.

Index Terms— featureextraction,speechintelligibility

1. INTRODUCTION

A lot of researcthasbeenfocusedon computerassistegronunci-
ation training (CAPT) in the recentyearswhich supportsin most
casedearnersof the secondanguagegL2) English. Primarily, lan-
guagespeci ¢, rule basedapproachesave beeninvestigated;all
rulesdependon the learners'mothertongue.For the Europearan-
guagesanimportantresearciprojectwasISLE (describedby Her-
ronetal.[1]), thathasfocusedon adult GermanandItalian learners.
In the EuropearprojectPf-Star[2] we focusedon speechtechnolo-
giesfor children.Basedon thesetechnologiesdifferentsystemdor
theassessmerf pronunciatiorhave beendevelopedn ourinstitute,
e.gto objectively evaluatespeechdisorderedchildrenwith a cleft
lip and palate. Caller is a systemfor computerassistedlanguage
learningfrom Erlangen(3], aclient/serersystenthatcanbestarted
in abrowser;speechs analyzenasener, e.g.placedn aschools
computeroom(Fig.1).

In mary commonapproache$o detectmispronunciationglike
in [1]) rulesfor possiblemispronunciationareintroducedge.g. Ger
manstendto pronouncehe“w” in “where” like the“v” in “very”.
Acousticmodelsfor thewrongpronunciatiorareaddedo thespeech
recognizerTheword with themostlik ely mispronunciatioris found
trying forced alignmenton different word sequences.To reduce
complity, mary systemsrovide thosealternatve pronunciations
for only oneword per sentence Consequentlynispronunciatiorof
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gramme)in the framevork of PF-STAR (GrantIST-2001-37599pndby the
GermariederaMinistry of EducatiorandResearcliBMBF) in theframeof
SmartWeb (Grant01IMD 01F). Theresponsibilityfor the contentlies with
theauthors.

all otherwordsis not detectedat all. Caller integratesa similar
approachusing speectrecognition(Fig.1, C), thatis discussedn
[3]. In the “Fluengy pronunciationtrainer” Eskenazietal. [4] in-
vestigateforced alignmentand prosodyto pinpoint pronunciation
errors. Someresearchis focusedon pronunciationfeatures,e.g.
on the phone-lgel the GOP-measuremeriGoodnesof Pronunci-
ation): Witt etal. [5] calculatethe posteriorprobabilitiesof all de-
siredphones;or this purposeforcedalignmentscoresandthe out-
put of a phone-recognizeare compared.Additional measurement
on higherlevels (sentenceeor text-level) are usefulto adaptto the
speakrs' pro cienciesor to calculatea mark or scoreper exercise.
Neumgeretal.[6] automaticallyscorenon-natveson sentencend
speakrlevel: Correlationsare calculatedbetweenhumanexperts
and differentfeatures,e.g. HMM log-likelihood scores,posterior
probabilitiesof the desiredphonefor eachphone-sgment,word or
phonerecognitionrate,duration,andsyllabictiming. Differentcom-
binationtechnique®f sentencdasedscoresareinvestigatedn [7].
Differentaspectof humanratingsare comparedwith several ma-
chinescoredor sentencem [8].

In the presentpaper pronunciationfeaturesand prosodicfea-
tures are combinedto 176 dimensionalfeaturevectorsto detect
wrongly pronouncedvords. First, we describea corpuswith Ger
man children readingEnglish sentenceshat hasbeenratedby 10
experts. In the next sectionthe featuresare described. With the
ADABOOSTalgorithmwe nd out, which featuregprovide optimal
classi cationresults.Finally, experimentakesultsarediscussed.
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Fig. 1. The Caller-architecture.In the presentpaperwe focuson
pronunciatiorandprosodicfeatures.

2. CORPUSAND EXPERT RATINGS

The PF-STAR NON-NATIVE-databasg?2] containsrecordingsof
GermanchildrenreadingEnglishtexts: 57 childrenfrom two differ-
entschoolsOHM andMoONT. Altogetherthedatabaseomprises3.4
hoursof speech(4627 utterances).The recordingsincludereading



N T1 T2 T3 T4 T8 T9 T10 T11 S [ # ] Group | Bestfeaturepergroup | CL |
% 76 51 52 45 44 49 52 52 45 46 25 ProsEne meanof theenegy []_,2] 599
CL|[69.1 78.1 80.4 83.2 82.1 80.0 70.7 80.4 79.0 69.7 10 | ProsFFT enegy FFT coefcient 0[0,0] 58.4
26 | Proso minimumof thefg [1,1] 53.6
Table 1. % markedwords(strictnessfor eachrater;agreementvith 22 | Proshs positionof f o onsef0,0] 60.0
all otherratersin % CL (unweightecaveragerecall). 7 | ProsDur normalizedduration[-1,-1] 54.9
. 8 | ProsJit meanof jitter [1,1] 52.9
errors,repetitionsof words, word fragments,and norverbals. The 8 | ProsShim | meanof shimmer-1,-1] 53.0
total size of the vocatulary is 942 words. In this paperwe concen- 7 | ProsRauses| pausesfterword[0,0] 58.5
trateon 28 OHM-pupils (15 male, 13 female)with age10— 11 who > | Pauses long pausesfterword 535
had beenlearning Englishfor half a yearonly. For this subsetof 3 | ROS rate-of-speech durationof word 62.2
1300utteranceg72 min. of speech8088words),ratingsare avail- 5 | DurLUT expectedword duration 60.9
ablefrom 10 experts;they labeledall wordsascorrectlypronounced 3 | DurScoe proh of obseredduration/ ROS 61.7
(default) or mispronouncedA Germaruniversitystudenof English 7 | Likelihood | word-score(forcedalignm.)/ ROS | 64.3
(graduatdevel, raterS) markedall pronunciatiordeviations. Thein- 3 | LikeliRatio | alignmentvs. recog.word chain 57.4
structionfor 8 Germarteacher®f English(ratersT1—-T4, T8—-T11) 3 | PhoneSeq | bigramproh of phones ROS 591
anda British native teacherof English (raterN) wasto markthose 4 | Accumcy phonecorrectness 58.7
words,wheretheteachersvould have stoppecandcorrectedhe stu- 2 | Condence | posteriorscoreof wordin reference| 60.1
dentin class.T2, T3, and T4 have labeledthe datahalf a yearlater 13 | PhoneConf| maximum(cf. Eq.2) 63.0
againto measursomeintra-rateragreementRatingsof 12teachers 18 | Contet context [-1,0] of Likelihood 60.8

onthetext level have beenreportedn [9].

Tah 1 shaws, that the strictnessof all ratersis similar; 4.4 —
5.2% of thewordsweremarled; only raterN marked 7.6%. How-
ever, eventeacherseennotto have a perfectagreementor themis-
pronouncedvords: Only T8 andT11have anintersectiorof 267 out
of 3250r 355words.In this casethemeanrecallis 78%, in all other
casest is lower. The agreemenfor correctly pronouncedvords,
however, is high (recall99% for T8 andT11). Consequentlyonly
in the selectionof wrongly pronouncedvordsfrom the setof mary
non-natve accentuateavordsteacherdiffer. If we build the union
of mispronouncedvordsfrom all raterswe get18% of thewords;if
atleast5 shouldagree,we obtain3.1% only. A goodcompromise
is the agreemenof at least3 raters:the 5.6% of marked wordsare
closeto eachrater’s strictness.To measurehe overall agreemenof
eachteachemwith all otherteachergmispronouncedf marked by
at least3 teachersyve usethe class-wiseaveragedrecognitionrate
(CL) whichis theunweightedneanof therecallsREC, andREC.
for thetwo casesvrongly andcorrectlypronounced

CL = 0:5(REC,, + REC.): 1)

Thesevaluesin Tah 1, have a meanof 77.3% CL, highestfor T3
andlowestfor the studentandthe native annotatarComparingpairs
of raters(not: onevs. all others),agreements on the average70%
CL,; teachersandtheir secondratingsagreewith 78- 80 % CL.

The PF-STAR NATIVE-corpus(14.2 hours,vocahulary of 1740
words)containgBritish childrenrecordeddy the University of Birm-
ingham[2]: 159children,age4 — 14. In thefollowing the NATIVE
datais usedto traintheacoustianodelsof thespeectrecognizeand
somestatisticsnecessarjor pronunciatiorscoring.

3. FEATURES

To classify wrongly pronouncedwords, for each word a 176-
dimensionahighly redundanfeature-ectoris calculated.113fea-
turesamongthemareprosodicfeaturefrom our prosodymodule;a
subsebf thesefeatureshasbeenintroducedn [10]. Further63 fea-
tureshave beendevelopedadditionally for pronunciationscoring;
the pronfex module(pronunciationfeatureextraction)is described
in [11]. For featurecalculationa forcedalignmentof the sentences
thatshouldhave beenuttered(the referencesentenceareknown in
ourtask)is required(Fig. 1, B) aswell asphonebasedurationand
enepy statisticsestimatedrom the NATIVE children's data.

Table 2. Featuregroupsof prosodicandpronunciatiorfeatures CL
in % for thebestsinglefeaturepergroupwith the LDA classi er.

For the pronunciationfeatureswe further needthe bestrecog-
nizedword chainfrom a speectrecognizetthatincludestime align-
mentof the recognizedwords and phones(Fig.1, A), sincesome
featuresare basedon a comparisorof the referenceandthe recog-
nizedword or phonesequencesThe speectrecognizeris trained
on native data. Whereaswe could shav in [11] that pronunciation
featuresbasically extract information independentf the learners
mothertongue,we now extend the word recognizers vocalulary
with 2533wordsthatcontainnumerousgpossiblemispronunciations,
whichalsoincludesometypical Germammistales. Thisway, we can
do without ary additional phonerecognizerin our online system.
The pronunciatiorvariationsarebasedn a setof 140 phoneconfu-
sions,which draws a distinctionto carefully designedapproacheto
evaluatea singlesentencavith few selectednispronunciationmod-
elsasusedin Fig.1, C. The evaluationon non-natves shavs only
45.8% word accurag with 4-gramlanguagemodelingafterremap-
ping pronunciationvariationsto the original 942 words, sincehere
the dif cult tasksto recognizechildren's speechandto recognize
non-natve beginnersof Englisharecombined.

In addition,a phonemebigrammodelhasbeenestimatecdnthe
referenceexts of thenative andnon-natve data. Somefurtherstatis-
ticsemployedfor thefeaturecalculationaremoredif cult to obtain:
we compareon the phonelevel the forcedalignmentandtherecog-
nition resultto getstatisticsof typical phone-confusionen correctly
pronouncecindon wrongly pronouncedvords,respectiely. To es-
timate theseconfusionmatrices,we have to usethe NON-NATIVE
datawith theannotationslescribedn Sec.2however, we useleave-
one-speadr-out (loo) featurecalculationand classi cation, to en-
sure thatthetestspeakr andhis phoneconfusionshave never been
obseredduringtraining. A third phone-confusiostatistichasbeen
estimatedn native Englishdata.

The ProsodyModule. Prosodicfeaturesare basedon the en-
ey, the fundamentafrequeng (fo), jitter, shimmer durationand
pausesThefeaturesarecalculatedor eachword, and,additionally
for someof the neighboringwordsto encodeinformationfrom the
contet, e.g.[-2,-1] meansthatthefeaturevalueis calculatedrom
thetwo preceedingvords,[0,0] indicateshecurrentword, and[1,1]
thesucceedingvord. 25 featuresarebasedn the enegy (ProsEné



of the signal, e.g. maximum, minimum, mean,the regressionand
somenormalizedenegy values. ProsFFT arethe rst 10 Fourier
coefcients of the enepgy trajectorywithin the respectre word (ap-
prox. 1 - 8 Hz). Further26 featuresarecalculatedrom the funda-
mentalfrequenyg (Pros o): maximumminimum,meanthevalueat
theonset/ofset(beginning/endof voicedregion),andtheregression.
Theposition(Proshg) of e.g.theextremaof enegy andf o encodes
durationcharacteristicef aword (maximum,minimum,onset.etc.,
22features)Further7 durationfeaturegProsDur) arecalculatedis-
ing thedurationthatis normalizecdby therateof speech16 features
arebasedon jitter andshimmer(ProsJit ProsShin. Pausedefore
andaftertherespectie word aredescribedn 7 ProsRausesfeatures.
Tah 2 shaws all featuregroups.

The PronfexModule. Further63 featuresareprovidedfor pro-
nunciationscoring.Most arecalculatedor the currentword (by de-
faultcontext [0;0]); the uctuation is modeledwith 18 selectedCon-
text features. The numberof featuresper groupis givenin Tah 2.
Pronfex provides 2 further Pausesfeaturesfor long pauses.Rate-
of-speecifeatureg ROS representhe numberof phonespertime,
normalizedin differentways. All otherpronunciatiorfeaturesalso
differ per groupoftenin the way of normalization. A detailedde-
scriptioncanbefoundin [11]. DurLUT comparedhe obseredand
the expecteddurationbasedon durationstatistics. DurScoe gives
the probability of the obsered duration. The log-likelihood of the
wordsin the referenceis usedin 9 Likelihood features;LikeliRa-
tio compareghe scoresof the recognizedvord andthe word in the
reference.The probability of the recognizedohonesequenceiven
a phonebigram modelis calculatedin PhoneSeqg Accumacy is the
phoneaccurag or the phonecorrectnes# insertionsarenot penal-
ized. Further from the recognizercon dencescoresare obtained,
e.g. the posteriorprobability of the word in the reference.Finally,
the phoneconfusionfeatureyPhoneConf comparerecognitionand
forcedalignmenton the phonelevel. It is analyzedwhetherthe ob-
sened phoneconfusionis betterrepresentedby the confusionma-
trix of wrongly pronouncedvords(M 1) or the confusionmatrix of
correctlypronouncedvords(M o). Thelattermatrixis for somefea-
turesreplacedwvith theconfusionmatrix of phonesutteredby natives
(M g). Aswordfeaturesthemaximum minimum,mean etc. of the
phonebasedbsenrationsareused.e.g.

PhoneConf-mean Ni P(Gijpi;M1)=P(gjpi;Mo) (2)
i
whereq is therecognizecphoneandp; the phonein thereference
(i = 1:::N:indicesof phonesn theword).

4. ADABOOST

In this papeiit is investigatedvhich subsebf the 176 correlatedea-
turesis mostimportant. A widely usedalgorithmis ADABOOST,
thatselectshoseweakclassi ersthatusecomplementarynforma-
tion andcombineghemto astrongclassi er. ADABOOST hasbeen
introducedby FreundandSchapirg12] andhasturnedoutto bevery
robustagainstover tting to thetrainingdata[13]. In our caseeach
weak classi er is trainedon exactly one of our 176 features. The
classi er consistof athresholdandasignto determineheclass ei-
therwrongly or correctlypronounced.To detectmispronunciation,
we selectdifferentnumbersof featuregweakclassi ers)thatare -
nally combinedto a strongclassi er andevaluatedon the testdata
set.A weakclassi erh; (x;) for thewordx; returnsl, if mispronun-
ciationis classi edandO else.In the rst step,we calculateoptimal
thresholddor eachweakclassi er on thetrainingdata;the criterion
is CL (Eq.1). Thealgorithmis thefollowing, startingwith t = 0:

| | Group | Selectedeature |
0.82 | PhoneConf| mean(de nedin Eq.2)
0.52 | Likelihood | word-scorgforcedalignment)
0.28 | Context contet [-1,0] of Con dence
0.27 | ProsFFT FFT coefcient 1[0,0]
0.26 | DurLUT scattef phonedurationdeviation
0.24 | Con dence | posteriorscoreof wordin reference
0.22 | ProsFFT FFT coefcient 0[0,0]
0.21 | Progg regressiorof thef o [-1,0]
0.21 | PhoneSeq | bigramproh of phoned #phones
0.19 | Proshbs positionof themaximalf ¢ [1,1]
0.17 | ProsEne minimumof theenegy [-2,-1]
0.17 | ProsDur normalizedduration[-1,0]
0.16 | PhoneConf| maximumconfusionscore(cf. Eq.2)
0.15 | ProsEne meanof theenegy [1,2]
0.15 | PhoneConf| minimumconfusionscore(cf. Eq.2)

Table3. Top 15featureselectedvith ADABOOSTandrankedwith
theirmean -valuesaftergq.3.

1. A weightwo; is assignedo eachwordi of thetrainingdata,
sothattheweightsof eitherclasssumupto 0:5.

2. Choosetheweakclassi er h: (:) with lowesterror ;: Words
thatarewrongly classi ed contritutewith wy; totheerror

3. Usegreatemeightsfor all wrongly classi edwords:

1 1
Wt+1 ;i = Wt , t = log(
t t

)

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

Due to the new weights,the secondbestfeatureusescomple-
mentaryinformationandso on. In the end, the strongclassi er is
obtainedby alinearcombinationof all selectedveakclassi ers:

1 X

the(x) 5 t (4)
t t

shavsthatx is mispronounced.

5. EXPERIMENTS AND RESULTS

All experimentsare conductedon the non-natve children dataus-
ing leave-one-spead-out (I0o) evaluationon 28 speakrs. Words
arelabeledasmispronouncedf atleast3 ratersagree.First, single
featuresareevaluatedwith the LDA classi er (Tah 2). Bestresults
areobtainedwith pronunciatiorfeaturesjn particularwith the log-
likelihoodof therecognizedvord, normalizecdby therate-of-speech,
and the maximum phoneconfusionper word PhoneConf-maxcf.
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-meais the optimal fea-
ture (Eqg.2) andthe secondbestis alwaysLikelihood exceptin one
casewhereDurLUT wins. Thethreefeatureghatfollow next con-
tain in mostcasesProsEne ProsFFT and a Contet featurebased
onthecon dence(posteriorprobability of thereferencevordin the
recognizers wordgraph).

Now, theADABOOSTresultsof all loo iterationsaremegedus-
ingthescores ; from Eq.3. Foreachfeaturethemeanof therespec-
tive values  is built from all 28 loo iterations. Those ; areused
to re-sortthe joint featurelists. Tah 3 shavs the top 15 of the new
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Fig. 2. Classi cationrateson the testdatafor differentnumbersof
featuresselectedvith ADABOOST (loo-evaluation).
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Fig. 3. ROC evaluationbasedn 35 features.

ranking. PhoneConfappearsven threetimesand mary prosodic
featuresareselectedNot visible in thetableareProsRauseqtop 19,
= 0:12), ProsShimtop29, = 0:08), ROS(top33, = 0:07),
Accuracy(top36, = 0:06), andProsJit(top45, = 0:05). Some
featuregroupsare not selectedat all in the 70 bestfeatures'list
andpossiblyreplacedwith featureswith similar classi cation per
formance. Using 15 features,the classi cationrateis 66.7%CL,
with 35feature$8.6% CL. TheoverallrecognitionrateRR (% cor-
rectly classi ed)risesfrom 73.0to 74.2 %. Fig. 2 shawvs the perfor
mancedependendn thenumberof features Evenwith largefeature
numbersoover tting to thetrainingdatais obsered: classi cation
rateriseson thetestset. ROC-evaluationis shavn in Fig 3.
Comparingtheloo iterationswe found, thatsimilar featuresare
selected.n [11], it couldbe shawn thatclassi cationwith pronun-
ciation featureseven works, if we train and teston spealers with
differentnative tongues.In the following we investigatethe depen-
deny on individual raters. It turnedout, that for eachrater sim-
ilar featuresare selected,in particularPhoneConfand Likelihood
are always amongthe top features. The only exceptionis raterS:
One of the ProsRausesfeaturesis the bestfeature,followed by a
PhoneConffeaturethatis calculatedon the native phone-confusion
matrix (M g ) insteadof usingthe correctly pronouncechon-natve
words (M o). Theratingis not like a teachemwould do, but a pre-
cise comparisonwith native speechthat alsoconsidergpausesand
hesitationsasuncertaintyof the L2-learner

6. DISCUSSION

With the ADABOOST algorithma subsetof the 176 prosodicand
pronunciatiorfeatureswas selected.The 15 bestfeaturescombine
uncorrelatednformation, including prosodyand information from
a speechrecognizer They considermphoneconfusionsthat differ in
automaticspeechrecognitionfor correctandwrong pronunciation.
Con dencemeasuresre usedfrom the speechrecognizerandlog-
likelihoodscoredrom theforcedalignment.Theenegy of theword
is analyzedwith thelowestFouriercoefcients andmean/minimum
valuesfrom the preceedingandsucceedingvords. The prior prob-

ability of the obsered phonesequencdit differs dueto the 2533
mispronunciatiormodelsof thespeechrecognizer)s estimatedvith
bigramstatistics.As for thef o, slopeandpositionof the maximum
areanalyzed. The normalizeddurationandthe deviation from av-
eragedurationsestimatedon native spealkrsis considered. With
35 features68.6% CL (74.2% RR) wasachie/ed. This is 89% of
the agreemenbf humanexperts(77.3% CL). However, with com-
parablefalsealarmrateonly 27% of the averageteacherstecallfor
mispronunciatioris reached47% of S). Teachersave ahigh agree-
menton correctlypronouncedvords,but a surprisinglylow hit-rate
on mispronouncedvords, even if we compareteacherawith them-
seles. Currently this featuresetis beingintegratedin our Caller
system. It is combinedwith a commonapproachthatis basedon
acoustiomodelswith selectedtypical Germanmispronunciations.
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