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Abstract

This contritution focusse®n the simulationof speechrecognitionenginesn theframework of Wizard-of-Ozexperimentgperformedo
designandevaluatedialogue-basedocalsystems Suchsimulationcanbeusefulin casesvheredifferentdialoguemanagemerstratejies
areto beevaluatedn termsof usersatisfictionandwhereno automaticspeechrecognitionengineor trainingdataareavailable. Theaim
of thedescribedwvork is to build a methodologyandatool thatallow to simulaterecognitionerrorsin a controlledway. Two approaches
aredescribedthatproducefor ary setof word sequencesimulatedrecognitionoutputs”(i.e. "noised” versionf theinputsequences)
in suchaway thatthe obtainedaverageWord Error RateandWord Accuray scorescorrespondasaccuratelyaspossibleto pre-defined
valuesrepresentate of a targetted’true” speeckrecognitionengine. The first approachaimsat simulatingWord Accuray andWord
Error Ratedevelsonly. Thesimplicity of thisapproacHeadsto thefactthatit doesnot fully simulateary realspeechrecognitionengine,
in the sensethat it doesnt producethe samesentencessthe real speechrecognisemwould. The secondstudiedapproachintegrates
the Viterbi decodingalgorithmusedin mary speectrecognitionsystems.The evaluationof the first approachwasdoneusingresults

producedvy the Loquendaspeectrecognitionsystem.The obtainedaveragerelative differenceis of 1.54%.

1. Introduction

The successfulldevelopmentof dialogue-basedocal
systemsdirectly relies on constantevaluationsof its two
main components:speechrecognitionengine (SRE) and
especiallydialoguemanagemen(DM). SRE is relatively
independentrom thetargettedapplicationin the sensehat
ary testdataof the samequality canbe usedfor the evalua-
tions;for instancetrainingandtestingontelephonespeech
extractedfrom the SwissFrenchPolyphonedatabasesan
give reliablemeasureof recognitionperformance®f SRE
usedin InfoVox projectoperatingon telephonespeechn
French(Trutner andRajman,2004; Kommeretal., 2000).
The evaluationof the DM, on the contrary is stronglyde-
pendenbntheapplicationframework. Evenif it is feasible
to malke offline evaluationof the DM on the basisof regis-
teredandtranscribedlialoguesit is a hardtaskto find the
dialoguescorrespondingdo the targettedapplication. Dif-
ferenttests,suchas Wizard-of-Oz (WoZ) experimentsor
field-testsarethusnecessary

In aWoZ experiment(FraserandGilbert,1991),thede-
signedsystemis fully or partially replacedby the wizard.
For example,thewizard canplay therole of SREby man-
ually transcribingthe userprompts,or the role of dialogue
manageiby chosingthe actionsto performon the basisof
userprompts. Oneof the maingoalsof WoZ is the acqui-
sition of datafor training-adaptatiorof acousticand lan-
guagemodelsusedin speectrecognition.The otherimpor-
tantaim is evaluationof dialoguemanagemenstrateies,
or, in otherwords, the evaluation of the impact of using
of differentdialoguemanagemenstrat@ieson the global
systemperformancesxpressedn termsof usersatishc-
tion (Gauvain etal., 1995; Minker, 1998). From this point
of view, we musthave a tool that controlsspeectrecogni-
tion in orderto “play” with its quality, with the Word Ac-
curag scoresvaryingfrom 100%to 0%.

As an exampleof suchatool, the oneusedin WoZ of
the Boris project (Dudda, 2001) can be mentionned:the
acquireduserpromptsaretranscribedy the wizardin the
specificeletronicform, andthentreatedby speectsimula-
tion resultingin a noisedversionof the prompts.Four lev-
elsof recognitionaccurag areimplemented:100%,83%,
75%,67%. In thefirst case,all theinformationsacquired
by wizard are passedo the system. In othercasesjn or-
derto achieve desiredaccurag, onesixth, onefourth and
onethird word in acquiredpromptaremasledsothatthey
cannotbe foundin the phoneticlexicon (an’X’ character
is addedat the beginning of the chosenwords). This ap-
proachis interestingin its implementationsimplicity, but
neverthelessuffersfrom thelack of “realism”, e.g.,speech
recognitionerrorsare composechot only of deletions but
alsoinsertionsanssubstitutions.

This contritution studiesmore advancedapproaches
trying to achieve moreaccurateandrealisticsimulations.lt
is organizedasfollows: section2. givesmoredetailsabout
theframawork of speechrecognitionsimulation;section3.
describeshefirst proposedpproactof speechrecognition
simulation; section4. reportsaboutthe secondapproach;
the resultsof the the evalution of the first approachap-
proacharereportedin the section5.; finally, the section6.
providesdiscussioraboutthe approacheandtheir evalua-
tions.

2. Speech recognition and its simulation

Speechrecognitionis astochastigprocessharacterized
by parametersuchasacousticand languagemodels,and
meta-parameters such as relative importanceof acoustic
andlanguagemodelsor the word insertionpenalty Each
parametesuffersfrom thetraining problemwhichis linked
to the fact that the trained parametersachieve local min-
ima: due to the unavailability of the necessanytraining



datafor mostapplications,the combinationof these“lo-
cally” trainedparametersesultsin overallrecognitionper
formancesworth thanthoseof humaninterlocutors,espe-
cially in the caseof unconstrainedgontinuousspeech.

The evaluation of SREsis basedon Word Accurag
(WA) andWord Error Rate (WER) scores(Gillick, 1989;
Pallett, 1990). Thesescoresmeasurehe recognitionper
formancef agivenSREfor agivenapplication:WA tells
the proportionof well recognizedwords, WER indicates
the proportionof misrecognizedavords.

The first idea of speechrecognitionsimulationwould
be thusto directly operateon the WA andWER scoresas
donein Boris project,but puttingmoretheoreticalensen
thechoiceof thewordsto becorrected Thisideais usedas
basisof thefirst studiedapproachnamed_ocal approach.

Then, one can questionwhat processeseal SREsim-
plement,i.e. what “laws” constrainthe SREsto correct
thewords. Theideaherewould be to simulatetheselaws
in orderto producewordssequencesloseto the onesthat
thereal SREswould produce.The Viterbi decodingalgo-
rithm is usedin mary SREs. We proposeto modify this
algorithm,togethewith the modelsto producethedesired
simulatedword sequencéy “decoding” the initial correct
one.But in this approachtoo, anddespitethe factthatit is
much closerto the real SREsthanthe first approachone
cannotestimatethatit producesxactly the sameword se-
quencessreal SREusingthe samemodels.

Thefollowing two sectionsdescriben detailstheseap-
proaches.

3. Local approach

In this approachye modelthe speechrecognitionasa
procesgerforming4 actionson eachword: leave theword
unchangedreplacethe word, deletethe word, insertnew
word. A probabilityis associateavith eachof the actions,
estimatedn thebasisof our expectationof the overall WA
and WER. The problemhereis thereforeto estimatethe
probabilities.

We first definethefollowing variables:

WA=10K
and
WER=1(DEL+INS+ SUBST)

, WhereOK is the numberof well recognizedwords,
DEL is the numberof deletedwords,I N S is the number
of insertedwords, SUBST is the numberof substituted
words,andn is thesizeof theinput sequence:

n=0K+ SUBST + DEL
Thesizeof the outputsequencés
n' =OK + SUBST +INS

Then,afterthenecessaryransformationsye obtainthe
estimationf the probabilities:

WA
* WER+WA @
WER+ WA
o
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whereWW A andW E'R areaveragevaluesbalancedy
the lenghtsn; of the obsened word sequencess is the
averagebalancedxpansiornrate:
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Finally, thealgorithmis thefollowing:

1. initialisethevaluesof P,x, Pins, Paer and Psypst
onthebasisof 1-4 (we suppose¢hatiW A, WER
anda areinitial parameters);

2. putthefirst word in the sequenceasthe current
word;

3. randomly choose one operation OK, INS,
SUBST or DEL accordingo theprobabilities;

4. if theselectedperationis:

e OK : copy the currentword to the output
sequencefinish if the currentword is the
lastwordin theinputsequenceputthefol-
lowing word asthe currentword;

e SUBST : substitutethe currentword by
someword and copy it in the output se-
quenceihe substitutionis doneeitheruni-
formly or on the basisof words confusion
matrix (Trutnev and Rajman, to appear)
finishif the currentwordis thelastword in
the input sequenceput the following word
asthecurrentword;

e DEL : do nothing with the output se-
quencefinishif the currentword is thelast
word in theinput sequenceput thefollow-
ing word asthe currentword;

e /NS : chooserandomly someword and
copy it in theoutputsequence;

5. returnto 3

4. Viterbi based approach

The Viterbi algorithm is an aproximation of the
Dynamic programmingalgorithm widely usedin speech



recognitionsystems. It is usedat decodinglevel when
trying to find the most probableword sequenceor the
input acousticobsenations,accordingto the usedacoustic
andlanguagemodels:

log P(W|0O) = log P(O|W) + log P(W)

, whereW is the sequenc®f words, O representshe
acousticobsenations. Probability P(O|W) is estimated
by theacousticmodel, P(W) is estimatedy thelanguage
model.

In the caseof speectsimulation,theinput acousticob-
senationsarethecorrectword sequencthathasto bemod-
ified, theacoustiomodelis replacedby the phonemegon-
fusion matrix! (Trutnev and Rajman,to appear),the lan-
guagemodel is the sameas in real speechrecognition.
The input word sequenceés phonetizedwith the phonetic
model,andeachphonemas repeatedtypically thenumber
of timesit hasbeenseenin trainingcorpususedto trainthe
acousticmodel. The columnsof the phonemeconfusion
matrixis thenusedto replaceeachrepetitionby a probabil-
ity distribution on the phonemeset. After that, the proper
standardViterbi decodingcanbegin.

We can usemetaparametersimilar to the onesused
in speechrecognition,in orderto constrainthe simulator
to producethe desiredperformancein termsof WA and
WER. As the matterof fact, althoughwe can guarantee
closenes®of the producedword sequenceso real recog-
nizedonesi,it is not predictiblewhatwordswill bedeleted,
insertedor substituted. As an exampleof a metaparam-
eter a furge factor correspondingo the relative weight
of acousticmodelvs languagemodel can be considered.
This parametecanbedefinedaslfT“ multiplicationfactor
addedo log P(O|W) and£2 multiplicationfactoradded
tolog P(W). a hasto betrainedfor agivenWA andWER.
Theapproactperformsasfollows: whena is setto —1, i.e.
absoluteconfidences givento the “acousticmodel”, then
therecognziedsentenceés the sameastheinputone. If «
is setto 1, thenthe outputis alwaysthe sameandit is the
mostlinguistically probableword sequence.

Of coursewewill needanothemetaparametem order
to fine-tuneWA andWER independentlyfrom eachother
However, the actualwork consistsin a first evaluation of
theforementionne@pproach.

5. Evaluation of thelocal approach

Evaluationof thefirst (local) approachwasundertalen
on the basisof dataacquiredduring Inspire project (Raj-
manetal., 2004).137 sentences Germarnpronouncedy
10 spealkerswerefirst recordedduring a preliminary WoZ
experiment. Then, 21 “office conditions”, corresponding
to differentnoisingtechniqgueg{Smeeleet al., 2004),were
appliedon that dataset. Theresultingtestdatasetswere
recognizedy Loguendospeechecognitionsysten (Trut-

'Phonemesgonfusionmatrixis a tablein which the cell [7][5]
correspondsgo the probability of confusingthe phoneme; with
the phonemey, or, moreprecisely to the probability P(i|j) that
thephoneme is recognizedvhenthe phonemej is pronounced.

2http://wwwloquendo.com/encommercial speechrecogni-
tion engine theusedversionwas5.9

nev andRajman 2004).Evaluationgesultedn asetof WA
andWER scores.The simulationsystemwasthenusedto
treat 137 sentencewvith 21 setsof parameters.The ob-
tainednoisedsentences/erecomparedo theoriginal sen-
tences.TheresultingWA andWER scoresverecompared
to Loquendoscores. The relative averagedifferenceis of
1.54%.
Tablel givesanextractof therecognitionresults.

| Conditions|| WA | Subst| Del | Ins | WER |
01.03a2 51.8| 371 | 111| 5.0 | 53.2
noised 51.3| 393 | 94 | 46 | 53.3
rel. diff. 0.5 2.1 1.7 | 0.4 0.1
01.03a3 41.7| 47.3 | 11.1| 18.1| 76.4
noised 41.3| 526 | 6.1 | 16.6| 75.3
rel. diff. 0.4 5.3 5.0 15 1.1
07094 43.6| 43.0 | 134| 56 | 62.1
noised 434 456 | 11.0| 46 | 61.2
rel. diff. 0.2 2.6 2.4 1.0 0.9
07.09_c 11.9| 69.6 | 184 | 11.9| 99.9
noised 11.2| 77.2 | 11.6| 7.1 | 958
rel. diff. 0.7 7.6 6.8 | 4.7 4.1
17-20.c 36.2| 489 | 149| 6.4 | 70.1
noised 35.7| 51.8 | 124 | 4.7 | 69.0
rel. diff. 0.5 2.9 2.5 1.7 1.1
21242 475| 40.0 | 125| 5.2 | 57.7
noised 472 42.7 | 10.2| 46 | 57.4
rel. diff. 0.3 2.7 23 | 0.6 0.3

Table 1: Evaluationof local approach:lines 01_*, 07_*,

17_*, 21_* containresultsof recognitionof producedwith

with Loguendo,‘'noised” standsfor the recognitionresults
producedvith thelocalnoisingapproachirel. diff.” stands
for therelative differencedetweerioquendaandlocal ap-
proachscores.

6. Discussion

Theevaluationof thefirst proposedpproactor speech
recognitionsimulationshows its closenesso thereal SRE
in termsof WA andWER. In addition,it hasconsiderable
adwantagevsthesecondapproachits implementatiorsim-
plicity, sinceit requiresasinputdataonly thedesiredscores
andtheoriginal word sequence.

The interestof the secondapproachs dueto the fact
thatit usesthe sametechniquessthereal SREs.Thiscan
beusedin thecaseshenthe specificevaluationsg.g.sys-
tematic substitutionor deletionof given words, is neces-
sary

One important feature shared by both approaches
should be highlighted: the managemenbf substitution
cases.It is madeon the basisof phoneticproximitiesbe-
tweenwordsandphonemesCorrectestimationof the con-
fusion matricescan guaranteehat the substitutionscom-



mitted duringthe simulationprocessearethe sameasdur-
ing therealspeechrecognition.

As animprovementof substitutionin thefirst approach,
it shouldbeconsideredhesubstitutiorof oneword by ase-
guenceof words,or vice versa.Thiswill have animportant
impacton the algorithm,andthe formulaeof estimationof
theprobabilitiesshouldalsobe modified.
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