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Abstract
Thiscontribution focusseson thesimulationof speechrecognitionenginesin theframework of Wizard-of-Ozexperimentsperformedto
designandevaluatedialogue-basedvocalsystems.Suchsimulationcanbeusefulin caseswheredifferentdialoguemanagementstrategies
areto beevaluatedin termsof usersatisfactionandwherenoautomaticspeechrecognitionengineor trainingdataareavailable.Theaim
of thedescribedwork is to build a methodologyanda tool thatallow to simulaterecognitionerrorsin acontrolledway. Two approaches
aredescribed,thatproduce,for any setof wordsequences,simulated”recognitionoutputs”(i.e. ”noised”versionsof theinputsequences)
in sucha way thattheobtainedaverageWordError RateandWordAccuracy scorescorrespondasaccuratelyaspossibleto pre-defined
valuesrepresentative of a targetted”true” speechrecognitionengine.Thefirst approachaimsat simulatingWord Accuracy andWord
ErrorRateslevelsonly. Thesimplicity of thisapproachleadsto thefactthatit doesnot fully simulateany realspeechrecognitionengine,
in the sensethat it doesn’t producethe samesentencesas the real speechrecogniserwould. The secondstudiedapproachintegrates
theViterbi decodingalgorithmusedin many speechrecognitionsystems.The evaluationof thefirst approachwasdoneusingresults
producedby theLoquendospeechrecognitionsystem.Theobtainedaveragerelative differenceis of 1.54%.

1. Introduction

The successfulldevelopmentof dialogue-basedvocal
systemsdirectly relies on constantevaluationsof its two
main components:speechrecognitionengine(SRE) and
especiallydialoguemanagement(DM). SRE is relatively
independentfrom thetargettedapplicationin thesensethat
any testdataof thesamequalitycanbeusedfor theevalua-
tions;for instance,trainingandtestingontelephonespeech
extractedfrom the SwissFrenchPolyphonedatabasecan
give reliablemeasureof recognitionperformancesof SRE
usedin InfoVox projectoperatingon telephonespeechin
French(Trutnev andRajman,2004;Kommeret al., 2000).
Theevaluationof theDM, on thecontrary, is stronglyde-
pendentontheapplicationframework. Evenif it is feasible
to make offline evaluationof theDM on thebasisof regis-
teredandtranscribeddialogues,it is a hardtaskto find the
dialoguescorrespondingto the targettedapplication. Dif-
ferent tests,suchas Wizard-of-Oz(WoZ) experimentsor
field-tests,arethusnecessary.

In aWoZ experiment(FraserandGilbert,1991),thede-
signedsystemis fully or partially replacedby the wizard.
For example,thewizardcanplay therole of SREby man-
ually transcribingtheuserprompts,or therole of dialogue
managerby chosingtheactionsto performon thebasisof
userprompts.Oneof themaingoalsof WoZ is theacqui-
sition of datafor training-adaptationof acousticand lan-
guagemodelsusedin speechrecognition.Theotherimpor-
tant aim is evaluationof dialoguemanagementstrategies,
or, in other words, the evaluationof the impact of using
of differentdialoguemanagementstrategieson the global
systemperformancesexpressedin termsof usersatisfac-
tion (Gauvain et al., 1995;Minker, 1998). Fromthis point
of view, we musthave a tool thatcontrolsspeechrecogni-
tion in orderto “play” with its quality, with the Word Ac-
curacy scoresvaryingfrom 100%to 0%.

As an exampleof sucha tool, the oneusedin WoZ of
the Boris project (Dudda,2001) can be mentionned:the
acquireduserpromptsaretranscribedby thewizard in the
specificeletronicform, andthentreatedby speechsimula-
tion resultingin a noisedversionof theprompts.Four lev-
elsof recognitionaccuracy areimplemented:100%,83%,
75%,67%. In the first case,all the informationsacquired
by wizard arepassedto the system.In othercases,in or-
der to achieve desiredaccuracy, onesixth, onefourth and
onethird word in acquiredpromptaremaskedsothat they
cannotbe found in the phoneticlexicon (an ’X’ character
is addedat the beginning of the chosenwords). This ap-
proachis interestingin its implementationsimplicity, but
neverthelesssuffersfrom thelackof “realism”, e.g.,speech
recognitionerrorsarecomposednot only of deletions,but
alsoinsertionsanssubstitutions.

This contribution studiesmore advancedapproaches
trying to achievemoreaccurateandrealisticsimulations.It
is organizedasfollows: section2. givesmoredetailsabout
theframework of speechrecognitionsimulation;section3.
describesthefirst proposedapproachof speechrecognition
simulation;section4. reportsaboutthe secondapproach;
the resultsof the the evalution of the first approachap-
proacharereportedin thesection5.; finally, thesection6.
providesdiscussionabouttheapproachesandtheir evalua-
tions.

2. Speech recognition and its simulation
Speechrecognitionis astochasticprocesscharacterized

by parameterssuchasacousticandlanguagemodels,and
meta-parameters such as relative importanceof acoustic
andlanguagemodelsor the word insertionpenalty. Each
parametersuffersfrom thetraining problemwhichis linked
to the fact that the trainedparametersachieve local min-
ima: due to the unavailability of the necessarytraining



datafor most applications,the combinationof these“lo-
cally” trainedparametersresultsin overall recognitionper-
formancesworth thanthoseof humaninterlocutors,espe-
cially in thecaseof unconstrainedcontinuousspeech.

The evaluation of SREsis basedon Word Accuracy
(WA) andWord Error Rate(WER) scores(Gillick, 1989;
Pallett, 1990). Thesescoresmeasurethe recognitionper-
formancesof agivenSREfor agivenapplication:WA tells
the proportionof well recognizedwords, WER indicates
theproportionof misrecognizedwords.

The first ideaof speechrecognitionsimulationwould
bethusto directly operateon theWA andWER scores,as
donein Boris project,but puttingmoretheoreticalsensein
thechoiceof thewordsto becorrected.This ideais usedas
basisof thefirst studiedapproach,namedLocal approach.

Then,onecanquestionwhat processesreal SREsim-
plement,i.e. what “laws” constrainthe SREsto correct
the words. The ideaherewould be to simulatetheselaws
in orderto producewordssequencescloseto theonesthat
the real SREswould produce.The Viterbi decodingalgo-
rithm is usedin many SREs. We proposeto modify this
algorithm,togetherwith themodels,to producethedesired
simulatedword sequenceby “decoding” the initial correct
one.But in this approachtoo,anddespitethefact that it is
muchcloserto the real SREsthanthe first approach,one
cannotestimatethat it producesexactly thesameword se-
quencesasrealSREusingthesamemodels.

Thefollowing two sectionsdescribein detailstheseap-
proaches.

3. Local approach

In this approach,we modelthespeechrecognitionasa
processperforming4 actionsoneachword: leavetheword
unchanged,replacethe word, deletethe word, insertnew
word. A probability is associatedwith eachof theactions,
estimatedon thebasisof ourexpectationof theoverallWA
and WER. The problemhereis thereforeto estimatethe
probabilities.

We first definethefollowing variables:
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areaveragevaluesbalancedby
the lenghts ( 5 of the observed word sequences,A is the
averagebalancedexpansionrate:
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Finally, thealgorithmis thefollowing:

1. initialisethevaluesof
/ 021

,
/%5 	76 , / <>=@? and
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onthebasisof 1-4(wesupposethat
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,
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and A areinitial parameters);

2. put thefirst word in thesequenceasthecurrent
word;

3. randomly choose one operation 
� ,
�%���

,�! �"#��$
or � ��� accordingto theprobabilities;

4. if theselectedoperationis:

W 
� : copy the currentword to the output
sequence;finish if the currentword is the
lastword in theinputsequence;put thefol-
lowing word asthecurrentword;

W �! �"-�%$ : substitutethe currentword by
someword and copy it in the output se-
quence;the substitutionis doneeitheruni-
formly or on the basisof wordsconfusion
matrix (Trutnev and Rajman, to appear);
finish if thecurrentword is thelastword in
the input sequence;put thefollowing word
asthecurrentword;

W � ��� : do nothing with the output se-
quence;finish if thecurrentword is thelast
word in theinput sequence;put thefollow-
ing wordasthecurrentword;

W �%��� : 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 sequencefor the
input acousticobservations,accordingto theusedacoustic
andlanguagemodels:
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is the sequenceof words, 
 representsthe
acousticobservations. Probability
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by theacousticmodel,
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is estimatedby thelanguage
model.

In thecaseof speechsimulation,theinput acousticob-
servationsarethecorrectwordsequencethathasto bemod-
ified, theacousticmodelis replacedby thephonemescon-
fusion matrix1 (Trutnev andRajman,to appear),the lan-
guagemodel is the sameas in real speechrecognition.
The input word sequenceis phonetizedwith the phonetic
model,andeachphonemeis repeated,typically thenumber
of timesit hasbeenseenin trainingcorpususedto train the
acousticmodel. The columnsof the phonemeconfusion
matrix is thenusedto replaceeachrepetitionby aprobabil-
ity distribution on the phonemeset. After that, the proper
standardViterbi decodingcanbegin.

We can usemetaparameterssimilar to the onesused
in speechrecognition,in order to constrainthe simulator
to producethe desiredperformancein termsof WA and
WER. As the matterof fact, althoughwe can guarantee
closenessof the producedword sequencesto real recog-
nizedones,it is not predictiblewhatwordswill bedeleted,
insertedor substituted.As an exampleof a metaparam-
eter, a furge factor correspondingto the relative weight
of acousticmodel vs languagemodel can be considered.
Thisparametercanbedefinedas

�a`cbd multiplicationfactor
addedto

XTY[Z / ��
 \T�^&
and

�fegbd multiplicationfactoradded
to
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. h hasto betrainedfor agivenWA andWER.
Theapproachperformsasfollows: when h is setto

:�8
, i.e.

absoluteconfidenceis given to the “acousticmodel”, then
therecognziedsentenceis the sameasthe input one. If h
is setto

8
, thentheoutputis alwaysthesame,andit is the

mostlinguisticallyprobableword sequence.
Of course,wewill needanothermetaparameterin order

to fine-tuneWA andWER independentlyfrom eachother.
However, the actualwork consistsin a first evaluationof
theforementionnedapproach.

5. Evaluation of the local approach
Evaluationof thefirst (local) approachwasundertaken

on the basisof dataacquiredduring Inspireproject (Raj-
manetal., 2004).137sentencesin Germanpronouncedby
10 speakerswerefirst recordedduringa preliminaryWoZ
experiment. Then, 21 “office conditions”, corresponding
to differentnoisingtechniques(Smeeleet al., 2004),were
appliedon that dataset. The resultingtestdatasetswere
recognizedby Loquendospeechrecognitionsystem2 (Trut-

1Phonemesconfusionmatrix is a tablein which thecell i jlkmi nok
correspondsto the probability of confusingthe phonemej with
thephonemen , or, moreprecisely, to theprobability p�qPjar n7s that
thephonemej is recognizedwhenthephonemen is pronounced.

2http://www.loquendo.com/en,commercial speechrecogni-
tion engine,theusedversionwas5.9

nev andRajman,2004).Evaluationsresultedin asetof WA
andWER scores.Thesimulationsystemwasthenusedto
treat 137 sentenceswith 21 setsof parameters.The ob-
tainednoisedsentenceswerecomparedto theoriginal sen-
tences.TheresultingWA andWER scoreswerecompared
to Loquendoscores.The relative averagedifferenceis of
1.54%.

Table1 givesanextractof therecognitionresults.

Conditions WA Subst Del Ins WER

01 03a2 51.8 37.1 11.1 5.0 53.2
noised 51.3 39.3 9.4 4.6 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 52.6 6.1 16.6 75.3

rel. diff. 0.4 5.3 5.0 1.5 1.1
... ... ... ... ... ...

07 09 4 43.6 43.0 13.4 5.6 62.1
noised 43.4 45.6 11.0 4.6 61.2

rel. diff. 0.2 2.6 2.4 1.0 0.9

07 09 c 11.9 69.6 18.4 11.9 99.9
noised 11.2 77.2 11.6 7.1 95.8

rel. diff. 0.7 7.6 6.8 4.7 4.1
... ... ... ... ... ...

17 20 c 36.2 48.9 14.9 6.4 70.1
noised 35.7 51.8 12.4 4.7 69.0

rel. diff. 0.5 2.9 2.5 1.7 1.1

21 24 2 47.5 40.0 12.5 5.2 57.7
noised 47.2 42.7 10.2 4.6 57.4

rel. diff. 0.3 2.7 2.3 0.6 0.3
... ... ... ... ... ...

Table 1: Evaluationof local approach:lines 01 *, 07 *,
17 *, 21 * containresultsof recognitionof producedwith
with Loquendo,“noised” standsfor therecognitionresults
producedwith thelocalnoisingapproach,“rel. diff.” stands
for therelativedifferencesbetweenLoquendoandlocalap-
proachscores.

6. Discussion

Theevaluationof thefirst proposedapproachfor speech
recognitionsimulationshows its closenessto therealSRE
in termsof WA andWER. In addition,it hasconsiderable
advantagevs thesecondapproach:its implementationsim-
plicity, sinceit requiresasinputdataonly thedesiredscores
andtheoriginalword sequence.

The interestof the secondapproachis due to the fact
thatit usesthesametechniquesastherealSREs.This can
beusedin thecaseswhenthespecificevaluations,e.g.sys-
tematicsubstitutionor deletionof given words, is neces-
sary.

One important feature shared by both approaches
should be highlighted: the managementof substitution
cases.It is madeon the basisof phoneticproximitiesbe-
tweenwordsandphonemes.Correctestimationof thecon-
fusion matricescan guaranteethat the substitutionscom-



mittedduringthesimulationprocessesarethesameasdur-
ing therealspeechrecognition.

As animprovementof substitutionin thefirst approach,
it shouldbeconsideredthesubstitutionof onewordby ase-
quenceof words,or viceversa.Thiswill haveanimportant
impacton thealgorithm,andtheformulaeof estimationof
theprobabilitiesshouldalsobemodified.
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