Training a ConfidenceMeasure for a Reading Tutor that Listens

Yik-CheungTam, Jack Mostow JosephBed, and Satanjeg Banerjee

ProjectLISTEN
Roboticsinstitute, Carngjie Mellon University
Pittshurgh, PA 15213-3890

{yct, nost ow, j oseph. beck, sat anj eev. banerj ee}@s. crmu. edu

Abstract

Oneissuein a ReadingTutor thatlistensis to determinewhich

wordsthestudenteadcorrectly Wedescribeaconfidencenea-
surethat usesa variety of featuresto estimatethe probability

that a word was readcorrectly We trainedtwo decisiontree
classifiers.Thefirst classifiertriesto fix insertionandsubstitu-
tion errorsmadeby the speectdecoderwhile the secondclas-
sifiertriesto fix deletionerrors.By applyingthetwo classifiers
togetherwe achieved arelative reductionin falsealarmrateby

25.89%while holdingthe miscuedetectiorrateconstant.

1. Intr oduction

In this paperwe describea confidenceneasurdor ProjectLIS-

TEN’s automatedreadingTutor [1], which usesspeectrecog-
nition to listento childrenreadaloud. The purposeof the con-
fidencemeasurés to estimatethe probability that a given text

wordin asentencavasreadcorrectlyby the student.

Confidencemeasurefiave beenappliedto mary different
speechrecognitiortasks suchaslargevocalulary speechecog-
nition [2], andspontaneouspeecirecognition[3]. Onesignif-
icant differencebetweenthesetasksand the ReadingTutor is
thatthe ReadingTutor knows the text thatthe childrenareex-
pectedto read.In this domain,we canalsoexploit information
aboutthe students pastperformance.

Relatedwork on applyingspeechrecognitionin education
domainsincludesan automatecpronunciatiorlearningsystem
with confidencameasuresWitt etal. [4] usedforcedalignment
to obtainthe phoneméboundarie®f aninput speechutterance.
It computeda confidencescorefor eachphonemeby normaliz-
ing its acousticscoreobtainedfrom theforcedalignmentby its
correspondingcousticscorecomputedrom a phone-loopde-
coder However, usingforcedalignmentwith childrensreading
is inappropriatebecausehildrenoftenjump backto the begin-
ning of the phraseor sentencendreread or skip hardwords.

This paperis organizedas follows. Section2 describes
how the ReadingTutor listenscurrentlyandhow a confidence
measurean be appliedin the ReadingTutor. Section3 de-
scribesthe featuresetsusedfor training the classifiers. Sec-
tion 4 describesxperimentalsettingsof the confidencemea-
surefollowed by evaluationresultsin Section5. Discussion
andconclusionareprovidedin Section6 and Section7 respec-
tively.
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views of the NationalScience~oundation.

2. How doesthe ReadingTutor listen?

Therearetwo issuesthat the ReadingTutor needsto address:
(1) tracking the students currentpositionin the sentenceand
(2) decidingif aword wasreadcorrectly To addresghe first
issue the ReadingTutor alignsthe outputhypothesidrom the
SPHINX [5] decoderagainstthe tamget sentence As shawn in
Figurel, eachword h; in ahypothesigH) is alignedto aword
wj in a target sentencgT). As shavn in Figure 1, an utter
ance! canstartat any word positionof the tamgetsentencand
jump aroundin the sentenceForcedalignmentagainsthetar
getsentencégnoresthis problem.Insteadwe useaconstrained
languagemodelgeneratedrom the sentencg6]. Without con-
fidencemeasuresthe ReadingTutor determinesf a word in
the sentencas readcorrectlyby usingthe alignmentasshavn
in Figure2. If somehypothesizedvord h; thatmatchegamget
word w; (i.e. h; = wj) is alignedagainstw;, the Reading
Tutor classifiesw; asreadcorrectly Thereforethe decisionis
currentlya 0-1 harddecision. Instead,we proposeto estimate
Pr(Word wasreadcorrectlyFeaturesYor Pr(W|F) for short)
to give a soft decisionbetween[0,1]. This schemeexploits
additionalinformation so asto decidemore accuratelywhich
wordsto acceptascorrect,andprovidesflexibility to the Read-
ing Tutor by varying a thresholdt andacceptingw; ascorrect
if Pr(W|F) >t.

Transcript

Sentence esult they encountered poverty and discrimination

Hypothesis  result they MISREAD_encountered poverty poverty and discriminafion as a result they

Figurel: Alignmentsof ahypothesigH) againstsentencésS),
andatranscript(T) againstS.

T: cc c c o (e c s
S: as aresult they encountered poverty and discrimination
H: cc c c s [« (e (e

Figure2: Classificationsf wordsfrom sentencd€S) basedon
alignmentsagainshypothesigH) andtranscript(T) in Figurel
(wherec=correct,o0=omission s=substitution)

1A studentcan attemptall or part of a sentencemore than once.
Eachattemptis recordedasanutterance.



3. Featuresused

Weinvestigatehreekindsof featurego estimateheconfidence
probabilities. The first kind of featuresare obtainedfrom a
speechdecoder(decodeibasedfeatures). The secondkind of
featuresarederivedfrom analignmentasshavn in Figures[1,2]
(alignment-basedeatures). The third kind of featuresare ex-
tractedfrom the students previous reading(history-basedea-
tures).

3.1. DecoderbasedFeatures

Decodetbasedfeaturesare computedat the word level from
the outputof the SPHINX decodel5]. They consistof thelog
enepgy normalizedby numberof frames,acousticscorenormal-
izedby numberof framesJanguagenodelscore Jatticedensity
averagedphoneperpleity 2 andduration.

3.2. Alignment-basedFeatures

Alignment featuresare computedfrom the alignmentsof the
hypothesidd againsthetargetsentence. To helpdescribehe
alignmentfeaturesyve definethefollowing symbols:

{h1,h2, ..., hs, ..., hg } denoteghe hypothesid.
{w1,wy, ..., wy, ..., wr} denoteghetargetsentences.
i,j >0 denoteword positionin H andS respectiely.

¢c(wj;) denotesisetof h; thatarealignedto w; s.t. h; = wj.
(In Figurel, ¢.(ws = poverty) equals
{h4=poverty, hs=poverty})

¢w(w;) denotesasetof h; thatarealignedto w; s.t. hy # wj.
(In Figurel, ¢, (ws = encountered) equals
{hs = MISREAD_encountered})

S(hi) denotesanalignedsentenceositionof h;.
(In Figurel, S(h7 = discrimination) = 8 becauséy;
alignsagainstws).

LC/(h;) is the left context of h;, definedasthe numberof

successie wordsreadcorrectly® in a sentences before
thehypothesizedvord h;.
(In Figurel, LC(h7 = discrimination) = 2 because
he = wr = “and” andhs = we = “poverty” but hy #
’LU5.)

RC'(h;) is theright contet of h;, definedasthe numberof
successie wordsreadcorrectlyin asentences afterthe
hypothesizeavord h;.

(In Figure1l, RC(hs = poverty) = 2 becauséis =
wy = “and” andh; = ws = “discrimination”.)
Alignment-basedeaturesf atargetword w; are:

e O-lindicatorl(w;) thatw; is readcorrectly
e.g.l(ws="poverty”) = 1 sincehs = ws.
¢ thenumberof hypothesizedvordsh; alignedagainstw;

whereh; is equalto w; divided by the total numberof
h; alignedagainstw;:

|be(w;)
[Be(ws)] + [ (w3)] @

2Averagedphoneperpleity measuresion well the acousticobser
vationsfrom aword sggmentdiscriminateacrosdifferentphonemes.

3For brevity, wheneer “read correctly” refersto wordsin a hypoth-
esis,we leave implicit the caveat“accordingto therecognizet

e averagedumpdistancebetweersuccessie hypothesized
wordsin asentence:

(j—S(hi—1))
Dhicpelwy) "I

| e (w;)]

This featuremeasurehonv muchthe students reading
jumpsaroundatargetsentencd.

)

e averageddifferencebetweena hypothesizedvord posi-
tion andatargetword position:
Ziahi€¢c(wj) i—J
|be(w;)]

¢ lengthof the left contet of w; in a sentencewhich is
definedbelav. Therearetwo possiblecases:

Casel: ¢.(wj;) is non-empty:

maxhieqﬁc(wj){Lc(hi)} (4)

®)

Case2: ¢.(wj;) is empty Thishappensvhenthespeech
decodedoesnot recognizeheword w;.

Mazn,epo(w;_)1LC (hi) + 1} (5)

If w; isthefirstwordof asentencéi.e. w1), or gc(w;—1)
is empty thefeaturevalueis zero.

e lengthof theright context of w; in asentenceThefea-
tureis computedanalogouslyto the left-context feature
describedabove.

e interword lateng [7] (time betweerthe endof (the hy-
pothesisvord h; alignedagainst)he previoustext word
w;_1 andthe startof (the hypothesisword h; aligned
against)the currenttext word w; (i.e., S(h;) + 1 =
S(hir))-

3.3. History-basedFeatures

Thesefeaturesare computedfrom the students historyin the
ReadingTutor, including all of the students recordedutter
ancesnotjustthosethatweretranscribed.

Thefeaturesaredividedinto word-level andutterance-leel
features. The historical word-level featuresfor eachw; in a
sentenceénclude:

e The numberof timesthe word was encounteredn dis-
tinct sentence§i.e. do notcountrereadinga sentence)

e Thenumberof timestheword wasaccepted

e We computethe following featuresfor all words, just
for Dolch (high-frequeng) words[8], andjust for non-
Dolchwords:

— Theaverageof thelower-boundestimate®f inter
word lateng [7]

— Theaverageof theupperboundestimate®f inter-
word lateny

The utterance-leel featuresfor eachw; in a sentencen-
clude:

e Thenumberof attemptgshestudenhasmadeto readthis
sentence

e Averagenumberof sentencavordsthe studentattempts
perutterance



e Averagenumberof sentencevordsthestudenteadscor
rectly perutterance

e Averagenumberof wordsthestudenteadscorrectly(e.qg.
for the sentencéThe catin the hat] if the studentsays
“the cat...thecatin the hat] then the total numberof
wordswould be 7)

e Averagenumberof jumps(readingaword otherthanthe
next word or currentword)

e Averagenumberof timesthestudentregresseso thefirst
wordin thesentence

4. Experimental Setup
4.1. Preparation of data sets

Children’s speectdatawere collectedfrom thefield wherethe
Readingrutorhasbeendeplo/edin elementarschoolsn Pitts-
burgh. Our speecltdataanalysttranscribedspeectdataandwe
splitit into trainingandtestsetsof 3714and1883utterancese-
spectvely. Speakrsin thetrainingandtestsetsdo not overlap.
Alignmentsof a hypothesisandatranscriptin Figure2 createa
3x3 confusionmatrix which describeshe partition of dataover
the 9 possiblecells asshavn in Tablel. Table2 and Table3
shaw the partitionsof training andtestdata. Eachword is fur-
thercateyorizedinto contentwordsandfunctionwords[6] (e.g.
a, an, the). Functionwordsdo not carry muchof a sentences
meaningthereforewe focuson assessing students ability to
readcontentwords.

Tablel: 3x3 confusionmatrix generatedisingtext-spacealign-
mentsof target sentenceS) againsttranscription(T) and hy-
pothesiqH).

We trainedtwo decisiontrees.Thefirst classifierestimates
confidenceprobabilitiesof wordsin thefirst andthird columns
of theconfusiomrmatrixin Tablel. ThecolumnscontainSPHINX's
insertionerrors(cells 4,6) of words omitted by the readerac-
cordingto analignmenif atranscriptagainsesentenceMore-
over, cell 7 (3) representsubstitutionerrorsin which thewords
are misreadbut SPHINX saysthe words are correct(or vice
versa). The first classifierusesdecodethasedand alignment-
basedeatures.

The secondclassifieris usedto train and estimateconfi-
denceprobabilitiesof wordsonthesecondolumnof theconfu-
sionmatrixin Tablel. It triesto correctthedeletionerrors(cell
2) madeby the speechdecoder Thereare no decodetased
featuredfor deletedwords,only history-basedeaturesplusthe
left andright context featureof the alignment-baseteatures.

4.3. PerformanceMetrices

To simplify analysis,we reducea 3-classclassificationprob-
lem into a 2-classclassificationproblemby defining the data
labeled‘omission”and"“substitution”as“miscue”. In thiscase,
columns2 and3 arecombinednto asinglecolumn,androws 2
and3 arecombinednto asinglerow in Tablel.

Performancef aReadingTutoris evaluatedusingthefalse
alarmrate (FA) andmiscuedetectionrate (MD) which arede-
finedasfollows:

100 - N¢(cells{5,6,8,9})
Nec(rows{2,3}) + Ny (row{2,3})
100 - Nc(cells{2,3})
Nc(rowl) 4+ Ny(rowl)

MD =

FA =

where N, and Ny representshe countsof contentwordsand
functionwords. TheReadingTutorignoresmiscuesonfunction
words,sothenumerator®mit V. FA measurehearingcorrect

| | H Correct | H Omission | H Substitution |  syydentreadingasincorrect; MD measureshe ability to hear

Table 2: Training data distribution of contentand function
words(countsof functionwordsareshowvn in parentheses).

| HCorrect | HOmission | H Substitution ]

T Correct | 9551(4897) | 392(216) 290(35)
T Omission | 2117(1289) | 13402(6421) 383(45)
T Substitution| 557(243) | 224(136) 102(21)

Table 3: Testdatadistribution of content,and function words
(countsof functionwordsareshavn in parentheses).

| HCorrect | HOmission | H Substitution |

T Correct 5621(3044) | 195(109) 165(13)
T Omission 746(549) 5844(3042) 122(19)
T Substitution| 215(85) 80(56) 40(6)

4.2. Classifierto estimate Pr(W |F")

WeusedWEKA [9] totrainadecisiortreeto estimatePr (W | F').

WEKA usesa maximuminformationgaincriterionto grow the
decisiontrees. At eachleaf of a decisiontree, Pr(W|F’) can
be computedas the relative frequeng of the labeleddataas-
signedto the currentleaf. During training, we used10-fold
cross-alidationon thetrainingdata.

T Correct Celll Cell 2 Cell3 students'mistalesand omissionscausedy skippingwordsor
T Omission Cell4 Cell5 Cell6 (more often) attemptingonly part of the sentencewithin the
T Substitution Cell7 Cell8 Cell9 time interval coveredby the utteranceThefalsealarmrateand

miscuedetectiorrateof thebaselingwithoutaconfidencenea-
sure)onthetestsetare3.94%and56.33%respectiely.

5. Experimental Results

Figure3 shavsaRecever OperatingCharacteristicROC) curve
that analyzeshe tradeof betweenthe correctacceptanceate
(=100%- falsealarmrate)andthe miscuedetectiorrate.

5.1. Resultsusing both Classifiers

We usedestimatedconfidenceprobabilitiesfrom both classi-
fiersto plot the ROC curve asshavn in Figure3. It shaws that
whenthethresholds betweer{0.20,0.35],theconfidencenea-
sureimprovesthe falsealarmand miscuedetectionratesrela-
tive to the baseline We obsere thatgiventhe samefalsealarm
rateasthebaselinethe confidenceneasuregmprovesthe mis-
cuedetectiorraterelatively by 4.1%(from 56.33%to 58.64%).
Moreover, giventhesamemiscuedetectiorrateasthebaseline,
the confidencemeasureseduceghe falsealarmraterelatively
by 25.89%(from 3.94%t0 2.92%).

5.2. Performanceof Individual Classifier

From Table4, we canseethatat the sameFA rateasthebase-
line, thefirst classifier(which attemptgo fix insertionandsub-
stitution errorsdescribedn Section4.2) improves miscuede-



tection by 357 (348+9) words respectiely, while the second
classifiefwhichattemptdo fix deletionerrorsdescribedn Sec-
tion 4.2) reducesthe falsealarms(-17) to compensatdor the
increasein falsealarms(+17) madeby the first classifier On
the otherhand,from Table5, we canseethat at the sameMD
rateasthe baseline both classifiersreducefalsealarmsby 56
and37wordsrespectrely. Thefirst classifieralsoimprovesde-
tectionof miscues(+240-14)to compensatéor the lossmade
by the secondtlassifier(-221-5).

2001-02 Testset
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8

80 | Correct Acceptance Rate (Confidence Prob) -----

Miscue Detection Rate (Confidence Prob) ——
Correct Acceptance Rate (Baseline) -
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Threshold t: Classify W as 'Miscue' if P(W is correct) < t

Figure3: ROC cune of thetestsetusingestimategrobabilities
of bothclassifiers.

Table4: Changeof distribution of content-vord dataof thetest
set(relative to Table 3) after applyingclassifierA andB given
fixedfalsealarmrateof 3.94%(threshold=0.3502).

| | H Correct | H Omission | H Substitution ]

T Correct 0 -17 +17
T Omission -241 -107 +348
T Substitution -8 -1 +9

Table5: Changeof distribution of content-vord dataof thetest
set(relative to Table 3) after applyingclassifierA andB given
fixedmiscuedetectionrateof 56.33%(threshold=0.1706)

| | H Correct | H Omission | H Substitution ]

T Correct +93 -37 -56
T Omission -19 -221 +240
T Substitution +19 -5 -14

errorsdescribedn Section4.2),lengthof theleft contet is ap-
pliedatthefirst level of thetreewhile lengthof theright context
is appliedatthesecondevel. Contextualinformationmayhelp
“guess”whenawordis readby thechild but thespeectdecoder
doesnot hearit.

7. Conclusionsand Future Work

We successfullydevelopeda confidencemeasureor an auto-
matedReadinglutorthatlistens.We estimateaonfidencegrob-
abilities usingtwo decisiontreelearners.The first learnerad-
dresseisertionandsubstitutiorerrorswhile thesecondearner
triesto correctdeletionerrorsmadeby thespeechlecoderCom-
paredto thebaselinetheconfidenceneasurechievesarelative
reductionof falsealarmrateby 25.89%at the samemiscuede-
tectionrateasthebaselindn thetestset.Moreover, it improves
the miscuedetectionrate by 4.1% (relative) at the samefalse
alarmrateasthebaselinan thetestset.In addition,thereexists
arangeof thresholdsn theROC of thetestsetsuchthatboththe
falsealarmrateandmiscuedetectiorratesof the ReadingTutor
with confidencemeasurarebetterthanthe baselingesults.In
futurework, we would lik e to furtherexplore the applicationof
history-basedeatures.

8. References

[1] J.Mostav andG. Aist, “Evaluatingtutorsthatlisten: An
overview of ProjectLISTEN,” In K. Forbus andP. Fel-
tovich, Editors, SmartMachinesin Education pp. 169—
234,MIT/AAAI Press:Menlo Park, CA, 2001.

[2] F. Wessel,R. Schlter K. Macherg, and HermannNey,
“Confidence measuresfor large vocalulary continuous
speechrecognitior, IEEE Transaction®n Speeb and Au-
dio Processingvol. 9, no. 3, pp.288—-2982001.

[3] T. SchaafandT. Kemp, “Confidencemeasuredor spon-
taneousspeechrecognitior?, in Proceedingof the IEEE
InternationalConfeenceon Acoustics Speeh, and Signal
Processingvol. 2, pp.875-878,1997.

[4] Silke Maren Witt, Use of Speeh Recani-
tion in computer assisted language learning
Ph.D. thesis, University of Cambridge (ftp://svr-
ftp.eng.cam.ac.uk/pub/reports/wittesis.ps.gz)1999.

[5] X.Huangetal., “The SPHINX-II SpeechRecognitionSys-
tem: An Overview,” Journal of ComputerSpeeh andLan-
guage, vol. 7, no.2, pp.137-148,1993.

[6] J.Mostan, S.Roth, A. G. HauptmannandM. Kane, “A
PrototypeReadingCoachthatListens]AAAI-94 Outstand-
ing PaperAward];’ in Proceeding®f the Twelfth National
Confeenceon Atrtificial Intelligence pp. 785-792,1994.
Seattle, WA: American Associationfor Artificial Intelli-

6. Discussion:Which featuresare
informative?

It is interestingo knowv which subsebf featuresaremostinfor-
mative in termsof classification. Whendecision-tredearners
areemployed, questiondocatednearthe root nodeof the tree
reflectthe informativenessof featuresin termsof maximizing
theinformationgain. In thefirst classifiewhich attemptgo fix
insertionandsubstitutiorerrorsdescribedn Sectiord.2),aver
agedphoneperpleity is usedat thefirst level of thetreewhile
log enegy andthealignmentndicatorareappliedatthesecond
level. In the secondclassifier(which attemptsto fix deletion

[7]

(8]
[9]

gence.

J.Mostav andG. Aist, “The Soundsof Silence: Towards
AutomatedEvaluation of StudentLearningin a Reading
Tutor that Listens; in Proceedingof the FourteenthNa-
tional Confeenceon Artificial Intelligence(AAAI-97) pp.
355-361,1997.Providence,RIl: AmericanAssociationfor
Artificial Intelligence.

E. Dolch, “A basicsightvocalulary; ElementarySdool
Journal, vol. 36, pp.456-460,1936.

lan H. Witten and Eibe Frank, Data Mining: Practical

Machine Learning Tools and Techniqueswith Java Imple-
mentations MorganKaufmann,1999.



