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ABSTRACT

We introducea novel methodto diagnosepronunciatiorer-

rors that aremostcritical to the intelligibility of L2 learn-
ers. A prelimiary study shaved that error ratescomputed
by a speechrecognition-basedystemcanbe usedto char

acterizeintelligibility . We deducea probabilisticalgorithm
to derive intelligibility from errorrates. We alsodefinean
error priority functionthatindicateswhich errorsare most
critical to intelligibility . Experimentatesultsprovedtheva-
lidity of theapproach.

1. INTRODUCTION

RecentComputerAssistedPronunciatioriearning(CAPL)
researchstirredup by the improvementof computerhard-
ware and Automatic SpeechRecognition(ASR), has fo-
cusedon two areasevaluationandinstruction.While stud-
ies on the correlationbetweenacousticfeaturesof speech
andhumanjudgementf intelligibility openedheway to
automaticevaluationof intelligibility ([4],[2]), innovative
approacheto instructionweredevelopedusingASRto de-
tect sgmentalor prosodicerrors([5],[3]). However, little
hasbeendoneto relateinstructionto evaluationand pro-
vide learnerswith feedbackon which errorsare mostcrit-
ical to their intelligibility. This canresultin sub-optimal
learningasstudentspendime on aspect®f pronunciation
thatdo not noticeablyaffectintelligibility . In this paperwe
proposeanev methodto assesitelligibility from pronun-
ciation error ratesandspotthe errorsthat are mostcritical
to eachlearnersintelligibility .

2. RELATIONSHIP BETWEEN ERROR RATES
AND INTELLIGIBILITY

2.1. Experimental Protocol

We conductedanexperimentaktudyof therelationshipbe-
tweenl0 selectegronunciatiorerrorscommonamonglapa-
nesespealersof Englishandhumanratingsof intelligibil-
ity. Thelist of errorsis givenin Table1. Subjectswere
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Fig. 1. Errorratesaveragedor eachintelligibility level.

16 Japanesstudentanduniversitypersonels\We recorded
theirreadingof apassagéesignedor pronunciatiorevalu-

ation[g]. The recordingswere sentto a qualified linguist
who ratedeachsubjects intelligibility from 1 (hardlyintel-

ligible) to 5 (perfectlyintelligible). Pronunciatiorerrorsin

therecordingsverethendetectedisingASR, andeachsub-
ject’s errorrateswerecomputed We computedhe average
errorratesof subjectsof eachintelligibility level. Figurel

shavstheerrorratesof the 5 levels.

2.2. Results

Figurel shavs thatthe way errorratesvary accrosdevels
dependon the error. Threetypesof errorscanbe distin-
guished.

2.2.1. Phonemic substitutions and deletion

For theseerrors(numberl to 4), which concernphonemic
substitutionsanddeletion,only level-5 studenthave a low



Table 1. Errorsdetectedy the system

Number | Description Exampleword | Erroneougronunciation
1 Word-initial w/y deletion would urd
2 SH/CH substitution choose Jurz
3 ER/A substitution paper pelpa:
4 R/L substitution road loud
5 Vowel non-reduction student stjurdent
6 V/B substitution prodem pravliom
7 Word-finalvowel insertion let leto:
8 CC\clustervowel insertion | study sutadi
9 VCC-clustervowel insertion | acive akutiv
10 H/F substitution fire haro”

errorrate . The otherstudentshave an errorrateof about
10 to 30% greaterdependingon the error. The error rate
amongstudentsf level 1 to 4 areequialent.

2.2.2. \owel non-reduction

Thiserror(number5) dividesthestudentsn 3 groups:level-
1 studenthave a90%errorrate,level-2 to 4 studenthave
a 60-70%error rate andlevel-5 studentshave a 40% error
rate.

2.2.3. Vowel insertion, H/F, V/B substitutions

For theseerrors(number6 to 10), syllablestructureandtwo
consonantontrastg/v-b/ and/h-f/) areconsideredLevel-
1 studentdhave comparatiely largeerrorratescomparedo
all otherstudentsLevel 2 to 5 studentave a similar error
rates.

2.3. Linguistic Interpretation

Theseobsenrationsshav thatmasteringuchaspect®sf pro-
nunciationas consonantlusters(affectedby vowel inser
tion) or vowel reductionis necessaryo reachevenaverage
levels of intelligibility. On the contrary phonemicaccu-
ragy, exceptfor thetwo pairsH/F andV/B, doesnot prevent
spealersto belargelyintelligible (level4). Theseesultsare
consistentvith the positionof mostrecentlinguistsregard-
ing theteachingof pronunciation[l Errorssuchasvowel
insertionand non-reductionwhich arerelatedto prosodic
featuressuchassyllablestructureandstressareconsidered
to be more crucial to intelligibility than purely sggmental
errors.

IForall errorsexcepterroré (p < 0.2), all differencedetweeraverage
errorratesaresignificantatthe 0.05 level.

3. INTELLIGIBILITY ASSESSMENT

3.1. Probabilistic Models

Basedonthefindingspreliminarystudy we proposeaprob-
abilistic approachto intelligibility assessmentGiven the
obserederrorratesO, our goalis to obtainthe probability
thatthelearnersintelligibility levelisi,Vi € {1..5}. These
probabilities(noted P(:|O)) canbe computedusingBayes
formula:

P(i|0) < P(i) P(Oli) @)

whereP(i) is theratio of level-; studentsn the considered
populationand P(O|i) the probability distributions of the
error ratesfor level- spealers.Underthe assumptiorthat
all errorratesarestatisticallyindependengiven the intelli-
gibil ity Ievel theoverall probabilitydistribution is givenby

P(O|i) P(r;|i). We modeleachP(r;|i) by a Beta
dlstntutlon d7ef|nedon [0,1] by:

ﬁ(a,b) (1‘) =

wherea andb areparametersand B(a, b) is a normalizing
constant.Parametersre computedusingdataratedfor in-
telligibility by a humanjudge. Combiningequationsl and
2 leadsto the following formulafor the probability of level
i

B(a,b)z(*=Y (1 — z)®Y 2

P(i|0) = K [[ Bay.,; (r5) ®)
J

whereK is anormalizingconstantWe definethe intelligi-
bility scoreasthe expectedvalueof thelevel:

I=>iP(i|S) (4)

Thus,thescorecantake ary valuein therangel[l, 5].



3.2. Evaluation
3.2.1. Speech data and intelligibility ratings

We evaluatedhealgorithmon datacontainingbothreading
passageand preparedoral presentation®y a total of 42
JapanesaniversitystudentsEachsubjectwasratedfor in-
telligibility by 3 associat@rofessor®f Englishat Japanese
universities. nterrater correlationswere surprisingly low,
even after normalizingthe scoresto compensatdor indi-
vidual raters’bias(0.6 in average) We suspecthatthisis a
consequencef thedifferencesn thetype of data(reading
or speechiandthe lack of training of the ratersto this par
ticular task. Therefore evaluationwas conductedn each
raterseparately

3.2.2. Closed evaluation

We trainedthe model(i.e. computedheerrorratedistribu-

tionsfor eachlevel) on the whole setof spealkrsandesti-

matedthe level of eachspealer. The correlationsbetween
the eachrater and the correspondingnachinescorewere
respectiely 0.73, 0.84 and0.78, confirmingthe validity of

theapproach.

3.2.3. Take-one-out evaluation

In this case,we trainedthe model using 41 subjectsand

estimatedheintelligiblity of theremainingsubjectandre-

peatedhis42times.Correlationsveremuchlower, respec-
tively 0.52, 0.59 and0.47. We think thatthehigh variability

of theevaluationdatais partly responsibldor theseresults.
The fact that somelevels were givento very few subjects
(< 4) tendsto increasecachspealer's weightin the prior

distributionsanddegradethe performancef the system.

3.2.4. Improvements of the model

To compensatdor theseweaknessesf the data,we tried
two approachesusinga probabilisticmodelof errorrates
and constrainingthe error rates’ probability distributions.
In theformercasejnsteadof consideringhe errorrateasa
deterministicvariable,we modelit by a belief distribution
on [0, 1] whosemeanis the measurearror rateandwhose
variancedependson the numberof obsened patterns(the
moreobsenations the smallerthevariance) We usedBeta
densityfunctionsto modeltheseaswell. Calculusyieldsan
exactformulafor P(i|O) aswell, which replacesquation
3:

B(a; + aj, b; + bf)
B(a;,b;)

P(il0) = KPG)]]

J

()

wherea; andb; aretheparametersf thebeliefdistribution.
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Fig. 2. Correlationcoeficientson cross-alidation

The secondimprovementis basedon the assumption
thatall errorratesmustdecreaseasintelligibility increases.
We apply this by constraininghe ratesof eacherrorto be
on a decreasingsigmoid function of the level, insteadof
computingthe exactaveragefrom thetrainingdata.

The resultsof thesemodificationsare summarizedn
Figure 2. Both modificationsslightly improvedthe corre-
lations, the bestresultbeingan averagecorrelationof 0.6,
obtainedby combiningthetwo.

4. DIAGNOSISOF CRITICAL PRONUNCIATION
ERRORS

To determinewhich errors should be studiedby a given
learner we definethe priority «(j,4) of errorj at level 4
asthedifferencebetweerthelearnerserrorrateandtheav-
erageerrorrateof level- studentsthatis:

W(jai) =Tr;— <7"j>level7i students (6)

Thepriority 7(j) of errorj is definedasthe expectedvalue
of eachlevel’s priority:

m(j) = ZP(HO)n(gy ) 7)

Figure3 givesanillustrationof how error priority is af-
fectedby the overall intelligibility of the student. In this
example,we considera studentwhoseerror rate on error
9 (vowel insertionin VCC clusters)is 0.15. Circlesrepre-
sentstudentdrom the training sampleandthe dashedine
connectsheaveragevaluefor eachintelligibility level. The
distancebetweerthehorizontalline andthedashedine rep-
resentghe absolutevalueof the priority for this level. Pri-
ority is negative for level 1 (the students rateis below the
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Fig. 3. Averageerrorratesandpriority for VCC vowel in-
sertion(becaussomepointsaresuperimposedessthanl6
pointsappear).

average)andpositive for all otherlevels. Thus,this erroris
likely to be proposedor studyif thelearnersintelligibility
level is 2 or more,becausepealersof theselevelsusually
masterthis error. Onthe otherhand,if thelearnerslevel is
1, othererrorsaremorelik ely to be proposedor study

We computederror prioritiesfor the 16 spealersof the
preliminaryexperimentandfoundthatthey agreedwith our
own impressionof the strengthsand weaknessesf each
spealer. To conductaformalevaluationwe have developed
aprototypeCAPL systenthatuseghealgorithmspresented
in this paper Usingthis prototype we hopeto demonstrate
the validity of this algorithm and its applicability to real
world situations.

5. CONCLUSION

We proposeda probabilisticmethodto assession-natve
spealkers’ intelligibility. Our approachyields an explicit
model of the relationshipbetweenintelligibility and error
rates. We shaved thatit canbe usedto provide meaning-
ful feedbackto the learnerson their strengthsand weak-
nessesAlthoughperformanceeeddo beimprovedbefore
realworld applicationscanbe developed the promisingre-
sultswereobtainedwhich couldfind applicationsn CAPL
systemsandmoregenerally Intelligent Tutoring Systems.
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