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Abstract

Currentautomaticspeechrecognitionsystemsmakeuseof asinglesourceof informationabout

their input, viz. a preprocessedform of the acousticspeechsignal,which encodesthe time-

frequency distribution of signalenergy. The goal of this thesisis to investigatethe benefitsof

integratingarticulatoryinformationinto state-of-theart speechrecognizers,eitherasa genuine

alternativeto standardacousticrepresentations,or asanadditionalsourceof information.Artic-

ulatory informationis representedin termsof abstractarticulatoryclassesor “features”,which

areextractedfrom thespeechsignalby meansof statisticalclassifiers.A higher-level classifier

thencombinesthescoresfor thesefeaturesandmapsthemto standardsubword unit probabili-

ties.

Themainmotivationfor this approachis to improve therobustnessof speechrecognitionsys-

temsin adverseacousticenvironments,suchasbackgroundnoise.Typically, recognitionsys-

temsshow a sharpdeclineof performanceundertheseconditions.We argueanddemonstrate

empirically that the articulatoryfeatureapproachcanleadto greaterrobustnessby enhancing

theaccuracy of thebottom-upacousticmodelingcomponentin aspeechrecognitionsystem.

The secondfocuspoint of this thesisis to provide detailedanalysesof the different typesof

informationprovided by the acousticandthe articulatoryrepresentations,respectively, andto

developstrategiesto optimallycombinethem.To thiseffectweinvestigatecombinationmethods

at thelevelsof featureextraction,subwordunit probabilityestimation,andword recognition.

Thefeasibilityof thisapproachis demonstratedwith respectto two differentspeechrecognition

tasks.The first of theseis an AmericanEnglish corpusof telephone-bandwidthspeech;the

recognitiondomainis continuousnumbers.Thesecondis a Germandatabaseof studio-quality

speechconsistingof spontaneousdialogues.In bothcasesrecognitionperformancewill betested

notonly undercleanacousticconditionsbut alsounderdeterioratedconditions.
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Chapter 1

Intr oduction

The goal of this thesisis to increasethe robustnessof automaticspeechrecognition(ASR)

systemsby integrating information aboutarticulation.Speechrecognition,as opposedto the

higher-level taskof speechunderstanding,is concernedwith identifying theword sequenceof

an utterancefrom the correspondingacousticspeechsignal.Standardspeechrecognizers,of

thestructuredepictedin Figure1.1,employ a preprocessedform of theacousticsignal,which

providesinformationaboutthedistributionof signalenergy acrosstime andfrequency. In most

systems,this representationis usedastheonly sourceof informationabouttheword sequence.

However, differentsignalrepresentationsmaybeemployed,eitherasgenuinealternativesto an

acousticrepresentation,or asadditionalsourcesof information.In this studywe will demon-

stratetheviability andthepotentialof a speechsignalrepresentationwhich is basedon articu-

latory categories,alsotermedarticulatoryfeatures. Thesefeaturesdescribepropertiesof speech

productionratherthanthepropertiesof theacousticsignalresultingfrom it.

Thearticulatoryfeaturesweareconcernedwith in this thesisarenotdetailednumericaldescrip-

tionsof themovementsof articulatorsduringspeechproduction.Rather, they areabstractclasses

which characterizethe most essentialaspectsof articulationin a highly quantized,canonical

form, leadingto a representationallevel intermediatebetweenthesignalandthelevel of lexical

units.We arguethat this approach(schematicallydepictedin Figure1.2) offersseveraladvan-

FEATURE

EXTRACTION

ACOUSTIC

MODELING
DECODING OUTPUT

Figure1.1:Basicstructureof standardautomaticspeechrecognitionsystems.Acousticfeaturesareex-

tractedfrom the incomingspeechsignalandpassedto the acousticmodelingcomponent,

which estimatessubword unit probabilities.Thesearesubsequentlyusedin the lexical de-

codingprocess.
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FEATURE
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�

Figure1.2:Recognitionsystemextendedby articulatoryrepresentation.

tagesovertheconventional,acoustics-onlyapproachdescribedabove.Morespecifically, theuse

of an articulatoryrepresentation,eitherby itself or in combinationwith an acousticrepresen-

tation,may leadto increasedrecognitionrobustnessin adverseacousticenvironmentssuchas

speechcontaminatedby backgroundnoise.In the courseof this thesiswe will investigatethe

feasibility of thearticulatoryfeature(AF) approachby applyingit to differentlanguages(Ger-

manandAmericanEnglish),differentrecognitiontasks(small-vocabularynumbersrecognition

and large-vocabulary conversationalspeechrecognition)and different recognitionparadigms

(hybrid HMM/ANN and Gaussianmixture HMM systems).In all caseswe will analyzethe

characteristicdifferencesbetweentheacousticandarticulatoryrepresentationsandwe will de-

velopstrategiesto optimallycombinethem.

1.1 Problems of Automatic Speech Recognition

ASR researchefforts havebeensteadilyintensifiedover thepastthirty years,particularlyin the

lastdecade.As a resultof thedevelopmentof bothefficient speechrecognitionalgorithmsand

powerful hardware, the quality of ASR systemshasincreaseddrastically. A numberof ASR

applicationsarenow commerciallyavailable,suchasdictationsystems,voice dialing, voice-

controlledpersonalcomputerinterfaces,or informationsystemswith speech-basedfront-ends.

Nevertheless,speechrecognizersarestill far from beingubiquitous.Most of the applications

listed above involve very limited recognitiontasks,suchas identifying the digits from 0 to 9

or a small numberof isolatedword commands.Others,suchasdictationsystems,canhandle

continuousspeechanda largevocabulary, but they requiregoodacousticconditions(quietenvi-

ronmentanda microphonewhich meetsthesystemrequirements)andanextensive enrollment

phaseto adaptthesystemto every new user. Thereasonwhy speechrecognitionhasnot found

morewidespreaduseandwhy its commercialpotentialhasnot yet beenfully exploited is the
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Condition Word Err or

Baseline,speaker-independent 3.0%

Baseline,speaker-dependent 1.5%

Channelvariation 12.0%

Transducer 10.0%

Speakingrate 15.0%

No languagemodel 70%

Noise 30.0%

Dialectalspeakers 20.0%

Non-nativespeakers 45%

Noise+ non-nativespeakers 85%

Combined 98.0%

Table1.1:Effectsof adverseconditionsonspeechrecognizerperformance,accordingto [48].

lack of robustnessof currentASR technology. Speechrecognizerstypically deterioratesharply

in adverseacousticconditions,e.g.in thepresenceof noiseor channelvariability. Furtherdif-

ficultiesarepresentedby low-quality, band-limited(telephone)speechandeverydayconversa-

tionalspeech.Two recentstudieselucidatetheproblemswhichneedto beovercomebeforemore

sophisticatedASRapplicationscanbedeveloped.

The first study[48] describesa state-of-the-artrecognizerfor the ResourceManagementtask

[96] and the variouseffects which different recognitionconditionshave on its performance.

Thesearelistedin Table1.1.Theword errorrate1 of 3% obtainedon clean,undisturbedspeech

increasedto theword errorratesshown in theright-handcolumnin Table1.1whenthesystem

waspresentedwith channelvariability, transducerdifferences,fastspeakingrates,etc.Combin-

ing all theseconditionsled to a word error rateof 98%, demonstratingthe detrimentaleffect

of a mismatchbetweentraining andtestingconditions.It is well known that humanlisteners

arenot affectedby theseconditionsto thesamedegree.Backgroundnoise,roomreverberation,

andband-limitedspeech,let aloneconversationalspeech,donotconstituteproblemsfor human

speechperception.This differencein performancehasbeenquantifiedin greaterdetail in the

secondstudy[85].

Theauthorcompareshumanandmachinerecognitionperformanceon six differentspeechcor-

pora,rangingfrom very limited taskslikedigit recognitionto conversationalspeechrecognition

usinganunlimitedvocabulary. Thesecorporaarelistedin Table1.2,togetherwith thebesterror

ratesobtainedon thesetasksbothin humanspeechperceptionexperimentsandin ASR experi-�
Word error rate, the standard measure of speech recognizer performance, is defined as 100 -

Insertions+ Deletions+ Substitutions
# wordsin thetestset .
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Corpus Description Vocabulary Human Machine

size performance performance

Alphabetletters Readalphabet

letters 26 1.6% 5%

Resource

Management Readsentences 1000 0.1% 3.6%

North American 5000-

BusinessNews Readsentences Unlimited 0.9% 7.2%

Spontaneous

Switchboard telephone 2000- 4% 40%

conversations Unlimited

Switchboard Spontaneous

wordspotting telephone 20keywords 12.8% 31.3%

conversations

Table1.2:Humanvs.machineperformance(measuredin worderrorrate)onsix differentspeech

corpora,accordingto [85].

ments.

In additionto cleanrecognitionconditions,mismatchedconditionsweretested.The latter in-

cludedartificially reverberatedspeech,additive noise,vocodedspeech,andchannelvariability

causedby the useof different microphonesfor training and testing.Furthermore,someper-

ceptionandrecognitionexperimentswereperformedin theabsenceof contextual information:

in the caseof humanlistenersthis wasachieved by embeddingthe wordsto be recognizedin

non-informativecarriersentenceswhichwerethenreadaloudto thesubjects;in theASRexper-

imentstherecognizerwasrun without a languagemodel.Table1.3 lists someof theresultsfor

theseconditions.

In general,the word error ratesobtainedby humanlistenersaremore thanan orderof mag-

nitudelower thanthoseobtainedby automaticspeechrecognizers.Furthermore,humanerror

ratesarelow in “clean” listeningconditionsanddo not deterioratemuchin adverseconditions.

Humanperformanceis particularlysuperiorat high noiselevelsandwhenlittle or no contex-

tual informationis available.It shouldbenotedthatthespeechrecognizersusedin themismatch

experimentsdid in mostcasesincludenoisecompensationor noiseadaptationcomponents.Nev-

ertheless,their resultsdo not evencomecloseto humanperformance.As a conclusionto this

study, theauthorsuggeststhefollowing directionsfor futurespeechrecognitionresearch:� low-level acoustic-phoneticmodeling: the superiorityof humanperceptionin the ab-
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Corpus Recognition Human Machine

condition performance performance

Resource Nonsense

Management sentences 2.0% –

Resource Null

Management grammar – 17%

NorthAmerican Addedcar

BusinessNews noise,0 - 22 dB 1.1- 0.9% 12.8- 8.4%

NorthAmerican Different

BusinessNew microphones 0.4- 0.8% 6.6- 23.9%

Table1.3:Humanand machinerecognitionratesundermismatchedconditions,accordingto

[85].

senceof contextual informationsuggeststhat humansperforma very detailedlow-level

acousticmatch.Therefore,emphasisshouldbeplacedon improving acousticmodelingin

speechrecognizers.� noiserobustness: betternoiseandchanneladaptationalgorithmsshouldbedevelopedto

increasetheperformancein mismatchedconditions.� modelingof spontaneousspeech: thehigh errorratesobtainedon conversationalspeech

demonstratetheneedfor bettermodelingof spontaneousspeechphenomena,suchasvari-

ability of speakingrateor ahighdegreeof coarticulation.� moresophisticatedlanguagemodeling: anunlimitedvocabulary requirestheadaptation

of languagemodelsto speaker-stylevariability andrapidtopic-switching.

TheASRapproachwedevelopin thisthesismayberegardedasacontributionto solvingthefirst

two of theseproblems.We will demonstratethat theacousticmodelingcomponentin a speech

recognizercanbenefitgreatlyfrom the articulatoryfeatureapproachby enablingthe acoustic

classifierto make moreaccuratebottom-updecisions.Furthermore,the robustnessof speech

recognizersin thepresenceof noiseat high signal-to-noiseratioscanbeincreasedsignificantly

by includingarticulatoryinformation.

1.2 Overview of Thesis

Theremainderof this thesisis organizedasfollows:
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In Chapter2 the potentialadvantagesanddisadvantagesof the articulatoryfeatureapproach

will beexplained.Previouswork on articulatoryandacoustic-phoneticfeaturesin ASR will be

discussedandevaluatedin thelight of recentdevelopmentsin speechrecognition.

Chapter3 presentsan articulatory-featurebasedrecognitionsystemfor a small vocabulary

recognitiontask(continuousnumbersrecognition).In this context we will discussarticulatory

featureclassification,featureselection,and the mappingfrom featuresto higher-level lexical

units.Wecomparethis systemto state-of-the-artacousticbaselinesystemsandprovideanerror

analysisof thecharacteristicdifferencesbetweenthe two systems.Recognitionresultswill be

presentedfor cleanspeech,aswell asfor reverberantspeechandspeechcorruptedby additive

pink noise.Furthermore,frame-level methodsof combiningboth systemswill be investigated

andcombinationresultswill bepresented.

Chapter4 extendsthisstudyto a largevocabularyconversationalspeechrecognitiontask(spon-

taneousschedulingdialogues).The problemsinherentin the developmentof an articulatory

feature-basedsystemfor large vocabulary will be discussedand analyzed.Word recognition

resultswill be given for cleanspeechandfor variousnoiseconditions(pink noiseandbabble

noise).Again, both qualitative andquantitative error analyseswill be presented.Furthermore,

word-level combinationstrategiesandfeature-level combinationstrategieswill bedescribedand

evaluated.

Chapter5 givesasummary, discussion,andsuggestionsfor futurework.

Notational conventions

Throughoutthis thesiswewill use� lowercasebold letters(e.g.x) to denotevectors� uppercaseGreekor calligraphicletters(e.g. � , � ) to denotesets,� uppercaseRomanletters(e.g.X) to denoterandomvariables,� uppercase� (e.g. ���
	�� ) to denoteprobabilitymassfunctions,and� lowercase (e.g.���	�� ��� ) to denoteprobabilitydensityfunctions.



Chapter 2

Ar ticulator y Feature Representations

for Automatic Speech Recognition

In this chapterwe will introduceanddiscussargumentsboth in favor of andagainstarticula-

tory featurerepresentationsin speechrecognition.We will first describein greaterdetail the

particularapproachto acousticmodelingwhich is advocatedin this thesisandexplain its un-

derlying theoreticalandmethodologicalassumptions.We will thengive an overview of previ-

ousapproacheswhichmakeuseof articulatoryor acoustic-phoneticfeaturerepresentationsand

evaluatethemin thelight of recentdevelopmentsin ASR.

2.1 The Ar ticulator y Feature Appr oach

Thearticulatoryfeatureapproachto acousticmodelingis schematicallydepictedin Figure2.1.

Thebasicideaof thisapproachis to useaspeechsignalrepresentationwhich is intermediatebe-

tweenthepreprocessedacousticsignalandthelevel of subwordunit probabilityestimation,and

which bearsan affinity to the articulatoryprocessesunderlyingthe speechsignal.This repre-

sentationis composedof probabilities(or, moregenerally, scores)for so-calledarticulatory fea-

tures, which areabstractclassesdescribingthemostessentialarticulatorypropertiesof speech

sounds,e.g.voiced, nasal, rounded, etc.1 Articulatory featureprobabilitiesareextractedfrom

thepreprocessedacousticsignalby a setof parallel,independentstatisticalclassifiers.In a sec-

ond step,this articulatoryfeaturerepresentationis mappedto scoresfor higher-level subword

units,suchasphonesor syllables.

Theparticularchoiceof articulatoryfeaturesandthearrangementof their correspondingclas-

sifierswhich is proposedhereis looselybasedon the structureof humanspeechproduction.

Humanspeechproductioninvolvestheinteractionof severalarticulatorycomponentsor dimen-

sionswhicharepartially independentof eachother. This is reflectedby theexistenceof separate�
Overviewsof basicarticulatoryphoneticscanbefoundin [76, 83, 25].
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classifiersfor thesearticulatorydimensionsin themodelshown in Figure2.1.Thefirst of these

dimensionsis voicing, whichdescribesthestateof theglottisandtheactivity of thevocalchords

andwhich is largely independentof articulatoryactivities in theoro-nasaltract.We canfurther

distinguishbetweenthe mannerof articulation,i.e. the shapeof a constrictionmadeby anar-

ticulator in the vocal tract,andthe placeof articulation(the constrictionlocation).The fourth

articulatorydimension,lip rounding, is largely independentof mosttonguebodyor tonguetip

movementsandcanaffect longerstretchesof thespeechsignal.Finally, therelative positionof

the tongueon the front-back axis is anotherarticulatorypropertywhich oftenshows a tempo-

rally independentbehavior. Someof thesearticulatorydimensionsarenotentirelyindependent:

althoughmost constrictionshapes,for instance,canbe producedat most points in the vocal

tract,therearecertainplacesof articulationwhich areincompatiblewith certainmannersof ar-

ticulation:e.g.thereareno glottal consonantswhich have a lateralconstrictionshape.We have

chosento not incorporatetheseinterdependenciesin theform of explicit constraintson thepar-

allel arrangementof featureclassifiers.Thehigher-level classifierwhich performsthemapping

from thearticulatoryfeaturerepresentationto largersubwordunitsshouldbecapableof learning

restrictionson theco-occurrenceof certainarticulatoryfeaturesin adata-drivenway.

Whatarethepotentialadvantagesof this acousticmodelingstructurefor ASR?Themainargu-

mentsin favor of this approachfall into the following four categories,eachof which we will

discussin turn:

� robuststatisticalestimation,� coarticulationmodeling,� selectiveprocessing,and� noiserobustness/speaker independence.

2.1.1 Robust Statistical Estimation

Thetaskof classifyinganacousticobservationvector� asoneof severalphoneclasses(themost

commontypeof subword unit in currentspeechrecognizers)is very complex dueto variability

in thespeechsignal.For � phones,this classificationinvolvesestimating� probabilitiesfor a

phonegivenanacousticobservation � , �������������� ��� (or, dependingon theclassifier, the � like-

lihoodsof theobservation � givena phone,���
���  �!�"�#��� ). Assumingthat thesubword units in

questionarecontext-independentphones,� typically rangesbetween30and60.In thecascaded

classifierstructuredescribedabove,eachof thelower-level articulatoryclassifiersonly needsto
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FEATURE

ACOUSTIC

MODELING

ROUNDING

FRONT-BACK

MANNER

PLACE

VOICING

COMBINATION
EXTRACTION DECODING

Figure2.1:Articulatory featureapproachto acousticmodeling.

distinguishbetweena very small numberof outputclasses.Usually, thenumberof classesre-

quiredto describeanarticulatorydimensionrangesfrom 2 or 3 (voicing) to approximately10

(place).Thus,the complexity of eachof the articulatoryclassifiersin termsof the numberof

output classesis lower than that of a monolithic phoneclassifier. In addition to this, the ar-

ticulatoryclassifierscanexploit trainingdatain a moreefficient way: sincemanualarticulatory

featureannotationsof speechsignalsaredifficult andcostlyto produce,theonly practicableway

of generatingtrainingmaterialfor thearticulatoryclassifiersis to convert phone-basedtraining

transcriptionsinto articulatoryfeaturetranscriptions.This canbedoneusinga canonicallyde-

fined phone-featureconversiontable.Sincearticulatoryfeatureswill generallyoccur in more

thanonephone,thetrainingdatafor thesefeaturescaneffectively besharedacrossphones.This

leadsto a largeramountof trainingmaterialfor eachfeatureclassifier, which oftenexceedsthe

amountof phonetraining materialby an orderof magnitude.Table2.1 shows the numbersof

phoneinstances(andpercentagesof thetotal numberof phoneinstances)in theGermanVerb-

mobil database,which is the speechcorpususedfor the recognitionexperimentsdescribedin
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Phone # % Phone # % Phone # %

i: 18479 1.93 d 37139 3.88 I 62553 6.53

k 15870 1.66 y: 2809 0.29 g 14962 1.56

Y 6160 0.64 Q 22752 2.37 e: 18035 1.88

s 54491 5.69 E: 7418 0.77 z 15184 1.58

E 25566 2.67 f 22260 2.32 2: 1373 0.14

v 24987 2.61 9 3256 0.34 S 7325 0.76

a 64443 6.73 Z 24 0.00 a: 28469 2.97

C 18158 1.90 u: 6323 0.66 j 8122 0.88

U 20695 2.16 x 11327 1.18 o: 8883 0.93

h 6910 0.72 O 18417 1.92 m 37389 3.90

6 42440 4.43 n 90646 9.46 @ 26627 2.78

N 6541 0.68 p 7352 0.77 l 19151 1.99

b 16529 1.73 r 15300 1.60 t 63915 6.67$ pause% 25377 2.67 $ noise% 54555 5.69

Table2.1:Phonefrequenciesin theVerbmobilcorpus.Phonesarerepresentedin SAMPA nota-

tion.

Chapter4. Thesecountsarebasedon an automaticlabelingof the corpusproducedat the In-

stituteof PhoneticsandSpeechCommunicationat theUniversityof Munich.2 Table2.2shows

thecountsfor featurelabelsderivedfrom thephoneannotationsby meansof thephone-feature

conversionrulesshown in TableA.2 in the Appendix,andthe percentageof phonesin which

eachfeatureoccurs– notethatsincearticulatoryfeaturesoccurin morethanonephone,these

percentagessumup to avaluelargerthan100.

Thesetwo properties(a smallernumberof classesandmore training material)shouldresult

in a higher recognitionaccuracy in eachof the articulatoryclassifierscomparedto that of a

single,complex phoneclassifier. Thehopeis that this in turn leadsto a higheraccuracy of the

overallclassificationprocedurewhenthedecisionsmadeby theindividualarticulatoryclassifiers

arecombinedby the higher-level classifier. Let us denotethe entiresetof articulatoryclasses

by &('*)�+-,-)�./,1020302,4)65 , which canbe divided into 7 subsets&8+9,:&;.<,<030203,4&;= – in the particular

partitioningwhich is usedin this thesis, 7 equalsfive. The setof phoneclassesis denotedby> ' ?@+9,9?�.<,<030203,9?!A . Eachphone ?!B , CED(FGDH� can be encodedas a 7 -tuple of articulatory

classesIJ)�+-,<020303,-)�=1K , which is constrainedsuchthat every memberof the 7 -tuple is contained

in a differentsubsetof & . Thus,a phoneis definedasa setof articulatoryfeatures,onefrom

eacharticulatoryfeaturegroup.Alternatively, all ?�B canbeencodedasvectorsof length L , withM
We aregratefulto FlorianSchiel,Universityof Munich, for providing theselabels.
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Feature # % Label # %

+voice 648316 67.66 -voice 230387 24.04

vowel 319506 33.34 fricative 146528 15.29

stop 178519 18.63 lateral 19151 1.20

nasal 134576 14.04 coronal 280526 29.27

labial 71128 7.42 palatal 7349 0.77

high 143299 14.96 mid 57382 5.99

low 135352 14.13 velar 42159 4.40

uvular 15300 1.60 glottal 29662 3.10

front 142393 14.86 back 147230 15.37

+central 227717 23.77 -central 91789 9.60

+round 33623 3.51 -round 294030 39.69

Table2.2:Featurefrequenciesin theVerbmobilcorpus.

zerosfor thosearticulatoryfeatureswhich do not contribute to the phonedefinition andones

for therelevantfeatures.Theprobability ���J?�BN� �6� of a phone?�B givenanacousticobservation �
canthenbederivedfrom thevectorof probabilitiesof all ) O , CPDRQSDTL , givenobservationx.

Ideally, thefeatureswhich arerelevantfor thephonein questionshouldhave a probabilityof 1

whereasall othersshouldhaveaprobabilityof 0. Underwhatcircumstancesdoesthis cascaded

classificationschemeleadto animprovedaccuracy of thefinal classificationresult?It is difficult

to makeprecisepredictionsaboutthisasthefinal classificationresultdependsonseveralfactors,

e.g. the relevanceof eachof the lower-level classifieroutputsfor classifyingthe higher-level

units,thestatisticalmodelingassumptionsof thehigher-level classifier(e.g.whetheraparticular

distribution of thedata,suchasa normaldistribution, is assumed),theindividual accuraciesof

thelower-level classifiers,andthe(in)dependenceof their errors.

Let usconsiderseveral possiblesituations.First, let us supposethat all individual articulatory

classifiersproducecorrectclassificationswith a probabilityof 0.6 andincorrectclassifications

with aprobabilityof 0.4.Let usadditionallymaketheassumptionsthatthehigher-level classifier

producesanerror if andonly if all of the 7 lower-level classifiersproduceanerror, andthatthe

errorsof the lower-level classifiersare independent.In other words, incorrectclassifications

in the differentarticulatoryclassifiersareconsideredseparateeventsoccurringindependently

of eachother. In this case,the error probability of the higher-level classifieris definedasthe

productof thelower-level classifiers’errorprobabilities:

���U��� > ��' =VB�W�+ ���U��� &;=1� (2.1)

where���U��� > � is theerrorprobabilityof thehigher-level classifierand �8�X��� &;=Y� is theerrorprob-
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ability of the 7[Z]\^� lower-level classifier. For our currentexamplethis meansthattheprobability

of error in the higher-level classifieris _�0a` = and the probability of beingcorrectis Ccbd_�0a` = .
For 7e' f , this equals0.01 and 0.99, respectively. In this case,the cascadedclassification

schemedoesproducea superiorresultcomparedto a simpleclassifierunlessthatclassifieral-

readyachievesaverygoodperformance,i.e. its probabilityof erroralreadyfalls below 0.01.

Let usconsiderthesituationwherethehigher-level classifiercommitsanerrorif at leastoneof

thelower-level classifiermakesanincorrectdecision.In thiscase,theprobabilityof errorof the

higher-level classifiercanbedefinedas

���U��� > ��'gChb =VB�W�+ �NChbi���U��� &;=1�^� (2.2)

which, in our currentexample,equals CPbj_�0k`mln' _�0]oqp . This might easily exceedthe error

probabilityof aone-stepclassifier.

Thus,thecascadedclassificationschememayproducewidely differentoutcomesdependingon

thesensitivity of thehigher-level classifierto theestimationerrorsof thelower-level classifiers,

on theprobabilitiesof thoseestimationerrors,andon theerrorcorrelation.In thefirst scenario

(all individualclassifiersmustmakeanerrorfor thehigher-level classifierto beincorrect)good

resultsmay be achieved even whenall or somethe lower-level classifiers’error probabilities

arehigherthanthatof a comparablesingle-stepclassifier. This characterizesa situationwhere

the individual classifiersmaybenot bevery accuratebut a largeamountof redundancy exists

betweenthem.In the secondscenario,thereis little or no redundancy betweenthe individual

classifiers,andtheir errorprobabilitiesneedto bevery low if thefinal errorprobability is to be

lower thanthatof a single-stepclassifier. In this case,the cascadedclassificationschememay

beusefulonly in situationswherethelower-level classifiersareknown to behighly accurate.

In practice,thelower-level classifierensemblewill becharacterizedby someamountof redun-

dancy, andthedecisionof thehigher-level classifierwill notbedependentoneitherall classifiers

beingcorrect/incorrector on a singleincorrectdecision.Furthermore,it will oftenbe thecase

thatsomeof thelower-level classesaremorerelevantthanothersfor theclassificationof higher-

level classes.A sufficiently powerful higher-level classifiershouldbe able to compensatefor

theseeffects.In any case,it seemslikely that the additionalstepof pre-classifyingthe highly

variableacousticsignal into a setof classeswhich canbe detectedwith higheraccuracy pro-

videsfor greaterrobustnessof theoverall classificationprocess.In Chapter3 thesetheoretical

considerationswill befurthersubstantiatedby empiricaldata.
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2.1.2 Coar ticulation Modeling

Coarticulationis themodificationof a speechsounddueto anticipationor preservationof adja-

centspeechsounds.Thesemodificationsarecausedby thespeechproductionmechanism:the

soundswhich listenersidentify asspeechsegmentsarenot producedin a serial,concatenative

fashionbut emergefrom thecoordinationof parallel,overlappingarticulatorygestures.In order

to producethesound[b], for instance,thejaw movesupwards,thelips form aclosure,followed

by a release,andthe vocal folds vibrate.The timing of thesegestures,however, is not simul-

taneousbut highly overlapping,ascanbeseenfrom Figure2.2.This figureshows the relative

timing of thevelum,tonguetip, tonguebody, lips, andglottis gesturesduringtheproductionof

theEnglishword pan andis an abstractrepresentationof theactualarticulatormovements,as

determinedby X-ray studies[19]. Theboxesrepresentthetemporalextensionof themovements

of thearticulatorslistedontheverticalaxis.It is obviousthatthegesturesproducedby different

articulatorswhichmakeup thephoneticsegmentson thehorizontalaxisdo not follow identical

temporalschemesbut arelargely desynchronized.

Velum

Tongue
Body

Tongue
r
Tip

Glottis
s

pt auh[ ]

Lips

n

widev
wide   pharyngeal

closed
alveolar

closed
labial

wide

Figure2.2:Relative timing of articulatorygesturesfor theproductionof theEnglishword pan,

after[19].

Dueto theinherentinertiaof articulators,articulatoryconstellationsdonotchangerapidly from

onespeechsegmentto thenext. Rather, gesturesevolverelatively slowly overtimeandtypically

cover timespanscontainingseveralspeechsegments.Thespectralpropertiesof thesesegments

areaccordinglyaffectedby the way the gesturechangesthe vocal tract resonanceproperties.

Thesespectralmodificationsform a continuumfrom highly perceptiblechangescausinga shift

in segmentidentity, over perceptiblebut non-distinctive changes,to subtleeffectswhich can

not beperceivedby thehumanearbut which mayhave aneffect on thestatisticalmodelof the
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soundin question.An exampleof thefirst caseis theassimilationof nasalsto following stops

commonin many languages,e.g. i/n/ Britain w i[m] Britain. The secondcategory includes

phenomenalike theshift in theplaceof articulationof velarplosivesdependingon thequality

the following vowel: the [k] in kitchen, for instance,hasa morepalatalquality thanthe [k] in

car. All instancesof coarticulationinfluencetheacousticrepresentationof speechsoundsand

mayobscurethemappingfrom acousticparametersto speechsoundmodels.

The most commonway to approachthis problem in speechrecognition is to use context-

dependentacousticmodels,suchasbiphonesor triphones.In thiscase,separatemodelsarecon-

structedfor segments(phones)in differentcontexts.Thus,a /u/ between/t/ and/b/, for instance,

wouldreceiveadifferentmodelthana/u/ between/k/ and/l/. Dependingonthevocabularysize,

this approachmay yield a very large modelset.This in turn may leadto severeundertraining

of the lessfrequentcontext-dependentmodels,for which only a few training instancesmaybe

presentin thetrainingdatabase.Variousremediescanbeappliedto alleviatethis problem,such

asinterpolatingtheparametersof undertrainedmodelswith thoseof well-trainedmodels[77],

merging similar modelson the basisof phoneticknowledge[32] or by meansof data-driven

clustering[79], settingthresholdson the frequency of occurrenceof certaintriphones[77], or

tying the parametersof differentcontext-dependentmodels[125]. Another way of modeling

coarticulationis to addexplicit pronunciationrulesto therecognitionlexicon in orderto capture

thosecoarticulationphenomenawhichcanbedescribedat thelevel of phonesymbols,i.e. those

whichcauseachangein segmentidentity. Theseusuallytaketheform of alternativepathsin the

(phone-based)transitionnetworksfor lexiconentries.

Theseapproachesignoretheactualsourceof coarticulationandthepotentialadvantageswhich

might be gainedfrom a direct descriptionof this source.As articulatorystudies[18, 19] have

shown,mostcoarticulatoryphenomenacanbetracedbackto atemporaland/orspatialreorgani-

zationof articulatorygestures.Gesturesmaybecompressed,i.e. overlapfor longertime spans,

for instancedueto increasedspeakingrate,or they mayhave a smallermagnitude(articulatory

undershoot).If it werepossibleto constructa reliablearticulatoryrepresentation,coarticulatory

phenomenamight bemodeledsimply in termsof thesebasicmanipulationsof articulatoryges-

tures.In thespectralor cepstraldomain,by contrast,thesegesturalmodificationsmaygenerate

complex patternswhicharedifficult to interpretor to model.

Articulatory featuresarerelatedboth to theacousticsignalandto higher-level linguistic units,

suchasphonesandsyllables.They thereforeprovide a moresuitabledescriptionlanguagefor

pronunciationvariants,allowing wordsin therecognitionlexicon to berepresentednot in terms

of rigid phonesequencesbut in termsof parallelsequencesof articulatoryfeatureswhich are

looselysynchronized.
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2.1.3 Selective Processing

It is reasonableto assumethatdifferentaspectsof articulationexhibit differentdegreesof robust-

nessanddo not deteriorate(in termsof their ability of beingrecognizedcorrectly)to thesame

degreeunderadverseacousticconditions.Voicing distinctions,for instance,can be detected

fairly robustly acrossa varietyof acousticconditions[26]. Thedetectionof placefeatures,by

contrast,is presumablylessrobustasit requiresrecoveringthepointof articulatoryconstrictions

in the vocal tract mediatedby the acousticsignal.The acousticchangesinducedby different

constrictionlocations,however, areheavily dependenton speakers’ vocal tract characteristics.

A classifierstructurewhich is basedon thedecompositionof speechsoundsinto their articula-

tory componentscanexploit thispropertyby selectively applyingdifferentprocessingstrategies

to thedifferentsub-classifiersindependently. Thesestrategiesmay involve theuseof temporal

windows of different lengths,separatefeatureextraction front-ends,anddifferentspeechen-

hancementor modeladaptationalgorithms.In additionto beingableto selectively focuson the

more robust properties,this techniqueopensup possibilitiesfor more constrainedadaptation

proceduresin thatadaptationonly needsto beappliedto themodelsof thosefeatureswhichare

moststronglyaffectedby noiseor speaker variability. Furthermore,the articulatoryclassifiers

themselvesmaydiffer: theclassifiertype,thecomplexity (thenumberof freeparameters),and

theinitialization or trainingproceduresmaybetunedto thespecifictasksthey needto perform.

In additionto usingselective processingstrategiesat thefirst classificationstage,thecontribu-

tionsof thesub-classifiersto theoverall classificationtaskmayalsobeweighteddifferentlyby

the combinationmoduledependingon the context. The combiningmodulemay, for instance,

usean assessmentof the signal-to-noiseratio asa basisfor assigningweightsto the various

sub-classifiers.Alternatively, this kind of selective adaptationmight beachievedby re-training

thecombinationmoduleon asmallamountof noisyspeechdata.

How doestheAF approachcompareto otherapproachesto decompositionalacousticmodeling?

Anotherprominentdecompositionalmodelwhichhasrecentlygainedpopularityis theso-called

subbandmodel.In subbandsystems[17, 15,16,35, 90] theacousticfrequency bandis decom-

posedinto a numberof narrower frequency bands,subbands. In eachof thesesubbands,the

subword unit probabilitiesareestimatedseparatelyandcombinedby a higher-level classifier

(seeFigure2.3).Thisschemehascertainparallelsto our model:bothapproachesemploy acas-

cadedclassifierstructurewherethehigher-level classifiercombinestheprobabilityestimatesof

the lower-level classifiers.However, therearealsoa numberof importantdifferences:first, the

classifiersin eachsubbandand the combiningclassifiersharethe samesetof outputclasses,

i.e. they all estimateprobabilitiesfor thesamenumberandthesametypeof classes.Compared

to afull-bandclassifier, however, thesubbandclassifiersreceivelessinformationsincethey only

haveaccessto asmallportionof thefull frequency band.Thus,in asubbandsystemtheinputsto
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Figure2.3:Subbandsystem.

eachlower-level classifierprovide a reducedamountof informationbut theclassifiersarenev-

erthelessrequiredto performa taskwhich hasthesamecomplexity asthatof thehigher-level

classifier. In theAF model,by contrast,eachlower-level classifierreceivesthesameamountof

informationbut is tunedto aspecializedclassificationtask,eachof whichhaslowercomplexity

thanthetaskof thehigher-level classifier. Anotherdisadvantageof thesubbandapproachis that

asubbandsystemis notableto optimallyexploit trainingmaterialby sharingdataacrossphones.

Furthermore,thesubbandapproachreliesontraditional(phonemic)subwordunits,whichdonot

offer thesameadvantagesastheAF approachwith respectto coarticulatorymodeling.Another

differenceis thatthereexistsgreatuncertaintyasto how many subbandsshouldbeused,which

bandwidthsthey shouldhave, andwhetherthey shouldoverlapor not. Variousschemeshave

beensuggested(seethereferencesabove); it seemsto bethecasethatnosinglesubbandscheme

canbe identifiedwhich works equallywell acrossdifferent tasksandrecognitionconditions.

Thismayentail theneedfor a redefinitionof thesubbandswhenswitchingto adifferentrecog-

nition task,which is undesirable.TheAF approachdoesnot suffer from this problem:whereas

a certainamountof unanimitydoesexist with respectto theexact featuresetwhich shouldbe

usedin anAF system,thebasicstructureof thesystemandthechoiceof featuresareconstrained

by a modelof thehumanspeechproductionmechanismandarethuslesstask-dependent.The

only casein whichasubbandsystemmight theoreticallyshow anadvantageoveranAF system

is when(a) thesignalis corruptedby narrow-bandnoise,and(b) thebandwidthof thenoiseis

known in advance.In this case,subbandscanbedefinedsuchthat thenoise-corruptedsubband

canbecompletelyexcludedfrom thehigher-level classificationstep,whichwouldnotbepossi-

ble in anAF-basedsystem.However, thecharacteristicsof backgroundnoisearegenerallynot
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Figure2.4:Trajectoriesof vertical movementsof tonguedorsum,tonguetip andlower lip for

labial,coronal,andvelarsounds.FromPapcun1992[97].

known in advanceunderrealistictestconditions.An onlineadaptationof thesubbandsplit ac-

cordingto anestimateof thenoisebandwidthwouldnecessarilyintroduceamismatchbetween

trainingandtestingconditionsandis thereforeinfeasible.For thesereasons,weconsidertheAF

schemethemoreadvantageousdecompositionalacousticmodelingapproach.

2.1.4 Noise Robustness/Speaker Independence

To the extent that abstractpseudo-articulatoryfeaturesare able to reflect the actualarticula-

tory propertiesof speech,they alsooffer theadvantagesof noiserobustnessandspeaker inde-

pendence,which areusuallyascribedto genuinelyarticulatoryrepresentations(directphysical

measurementsof articulation).

Although speakersdiffer with respectto the preciseshapeandmagnitudeof their articulatory

gestures,articulatorytrajectoriespertainingto particularspeechsoundsshow remarkableuni-

formity acrossspeakers.Figure2.4showstonguetip, lower lip andtonguedorsumpellettrajec-

toriesfor differentconsonantsasrecordedin anX-ray microbeamexperiment[97]. Thesetra-

jectorieswerenormalizedfor durationandmagnitudebeforecomputingthecorrelationacross

trajectories,alsoshown in Figure2.4. It is obvious thateachgroupof consonantswhich share

thesameplaceof articulation(locationof theconstrictionin thevocaltract)canbeidentifiedby

acharacteristictrajectoryof theactivearticulator, which showsvery little variation.

Thesearticulatorymovementsareoftenreflectedin theacousticsignalby a characteristicspec-



18 2 Articulatory Feature Representations for Automatic Speech Recognition

tral pattern,suchasthedevelopmentof formantfrequenciesover time. For instance,it canbe

observedthatlip roundingcausesadownwardshift of all formants3 in thespectrum.Thesepat-

ternsarein principle independentof the vocal tract lengthsof differentspeakersandacoustic

conditionssuchasreverberationandadditivenoise.

It is well known that differentvocal tract lengthshave a severeeffect on acousticspeechsig-

nal representations.Thelengthof thevocaltractcausesaquasi-linearshift of frequenciesin the

acousticsignal:ashortervocaltract,asin childrenandfemalespeakers,causesfrequency energy

to shift upwardswhereasa longervocal tract is characterizedby lower frequencies.Moreover,

thedegreeof thefrequency shift dependson thevocaltractconfiguration:openvocaltractcon-

figurations(configurationsduring the productionof openvowels) are more severely affected

thanclosedconfigurations.Theseeffectsmaybebalancedby so-calledVocalTractLengthNor-

malization(VTN). In VTN [67, 36] a scalingfactor } is appliedto the preprocessedspeech

signalto achievea linearfrequency warping,~���� } ~ (2.3)

which is expectedto normalizethe variabilities introducedby differentvocal tract lengthsof

differentspeakers.In [67], anexhaustive searchis performedto find theoptimalscalingfactor}�� for eachspeaker � during training. During decoding,the utterancesof eachspeaker were

decodedwith twentydifferentscalingfactors.Thatdecodingwhichmaximizedthelikelihoodof

thedatawasthenselectedastheoptimalhypothesis.In [36], aparametricapproachis suggested

whicheliminatesmuchof thecomputationaloverheadassociatedwith theexhaustivesearchfor

the optimal scalingfactor. Underthis approach,a formantconfigurationis estimatedfor each

speakerandthescalingfactoris computedfrom themedianof thethird formant( ��� ) in relation

to the ��� medianacrossall otherspeakers.Althoughthisandotherrecentimprovementsto VTN

make the methodmore practicable,VTN is associatedwith additionalcomputationaleffort.

Articulatory classes,by contrast,aremainly determinedby relativeacousticpatterns,suchas

thedirectionof formantmovementsor therelative distancebetweenformants.For this reason,

they can be expectedto be more robust to vocal tract length differencesthan direct spectral

representations.

Most currentacousticspeechrepresentationsarebasedon the log-spectrumof the signal.For

the computationof the log-spectrumthe signal is first subjectedto a windowed Fast Fourier

Transform(FFT). Theoutputis thenpassedthrougha filterbank;in thecaseof mel-frequency

cepstralcoefficients(MFCCs),which arethe mostwidely usedspeechfeatures,it consistsof

a setof trapezoidalfilters
~��9�9~��<�<�3�2�3�9~/�

equallyspacedalongthemel-scale.Themel-scalewas�
Formantsarethosefrequenciesin thespectrumof thespeechsignalwhich areassociatedwith relative maxima

of energy.
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developedon the basisof humanauditoryperceptionexperiments[115] andis approximately

linearbelow 1 kHz andlogarithmicabove.It canbeapproximatedby thefollowing formula[42]�d�/�N� ~������q�m��� �X�/� �X� �N��� ~�m�q� � (2.4)

Subsequently, the log,
�2 
, is taken of the amplitudein eachfilterbankchannel,

~  
. Finally, the

cepstrumis computedby meansof theDiscreteCosineTransform(DCT):¡   �£¢ �¤ ¥¦§:¨ � � § ¡ � � �"©@ª� �3«¬ � �]�q�^�
(2.5)

MFCCshave theadvantageof modelingthequasi-logarithmicfrequency resolutionof thehu-

manear. The DCT yields the additionaladvantageof orthogonalizingthe coefficients,which

canbeimportantif anacousticclassifieris employedwhich doesnot modelthecorrelationbe-

tweendifferentcoefficients,suchasa single-mixtureGaussianclassifierwith diagonalcovari-

ance.However, the log operationhastheeffectof emphasizingevensmall levelsof background

noise.Furthermore,theDCT spreadsthiseffectacrossall coefficientsalthoughnoisemayorigi-

nally only bepresentin somefrequency regions.For this reason,log-spectralrepresentationsin

general,andMFCCsin particular, areespeciallysensitiveto noise.

Both signal-basedandmodel-basedmethodshave beendevelopedto compensatefor noiseand

channeleffects.A signal-basedmethodfor removing long-termspectralbiasesis CepstralMean

Subtraction(CMS), wherethe meanof the cepstralcoefficients is first computedover some

amountof data(theentireutterancein thecaseof off-line applications)andis thensubtracted

from eachfeaturevector. An exampleof a model-basedadaptationmethodis MaximumLikeli-

hoodLinearRegression(MLLR) [80, 49]. Underthis approach,a setof linear transformations

is appliedto themeansandvariancesof themodelsin a Gaussianmixturesystem.Thesetrans-

formationmatricesareestimatedsuchthatthelikelihoodof theadaptationdatais maximized.

The variousmethodsfor speaker andnoiseadaptationaresuccessfulto somedegreebut it is

obvious that they frequentlyinvolve considerableadditionalcomputationaleffort. It would be

desirableto employ featureswhich areinherentlylesssensitive to noiseandspeaker variability

or a classifierstructurewhich allows thesealgorithmsto be employed selectively, in order to

minimizeadaptationrequirements.Thearticulatoryfeatureapproachpotentiallyoffersbothof

theseadvantages.

2.2 Relation to Human Speech Perception

At this point it might be askedwhat relation,if any, thearticulatoryfeatureapproachbearsto

humanspeechperception.
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Fromthe1950sto the1970s,a numberof perceptualconfusionstudieswerecarriedout,which

have often beencited asa sourceof evidencesupportingthe assumptionof perceptualreality

of articulatory/acoustic-phoneticfeatures.Thesestudies(e.g. [89, 113,120]) have shown that

perceptualconfusionsof vowelsandconsonantsundercleanandnoisy listeningconditionsof-

ten patternalong articulatorydimensions:segmentswhich are highly confusablecan mostly

be describedasdiffering in only oneor two articulatoryfeatures.Miller andNicely [89], for

instance,studiedthe confusionof initial consonantsbefore/a/ in nonsensesyllablesin clean

speech,filtered speech,andspeechwith additive white noiseat varioussignal-to-noiseratios.

200syllableswereproducedby five differenttalkersandtranscribedby four differentlisteners.

For eachacousticcondition,the confusionmatricesof spoken vs. perceived consonantswere

computedandanalyzed.Whereashigh-passfiltering of thespeechsignal(thelower cut-off fre-

quency rangingbetween2000-4500Hz) led to randomlydistributedperceptionerrorswhich

did not show any phoneticpattern,clean,low-passfiltered and noise-masked speechmostly

producedconfusionsamongsegmentswhich weresimilar in articulatoryterms,e.g.confusions

of thevoicedandvoicelessstops/b/-/p/, /d/-/t/, /g/-/k/. All consonantswerethengroupedinto

super-classesdefinedby the five articulatorydimensionsvoicing, nasality, frication, duration,

placeandthemutualinformationbetweenthespokenandthe transcribedclasswascomputed

accordingto ® �
¯±°-² ��� ¬ ¦³µ´ ¶¸· ��¯ � ² � �
�/�µ¹ �
¯ � ¹ �U² �¹ �
¯ � ² � (2.6)

whereX and Y are randomvariablesrepresentingthe spoken and transcribedclass,respec-

tively. It wasfound that the five individual mutual informationvaluesaddedup to the mutual

informationfor thephoneclasses,providedthesumwasnormalizedby a corrective factorfor

theredundancy in the input. Theauthorsconcludedfrom this that thefive featuregroupswere

perceptuallyindependentandproposedthe multi-channelmodelof speechperception,which

assumestheexistenceof independentperceptualchannelsassociatedwith anarticulatoryinter-

pretation,theoutputof which is combinedto identify phoneclasses.Themulti-channelmodelis

thusverysimilar to theacousticmodelingapproachproposedhere.NotethatMiller & Nicely’s

experimentsdo not prove theexistenceof five perceptualchannelswhich correspondprecisely

to theabove featuregroups.Theinterpretationof theirdatais to someextentpre-determinedby

thea priori choiceof thefive descriptive categories.Thereis no evidencewhich disprovesthe

existenceof fewer or morethanfive perceptualchannels.It shouldalsobe emphasizedthat a

distinctionshouldbemadebetweentheclaim thatarticulatoryfeaturesactuallyare theunitsof

speechperceptionandbetweenthefact that they mayserve asconvenientlabelsfor describing

certainperceptualpatterns.AlthougharticulatoryfeaturesdescribeMiller andNicely’sfindings

mostconciselyandnaturally, nothingsuggeststhathumanlistenersactively exploit themin the

processof speechperception.



2.2 Relation to Human Speech Perception 21

An additionalsourceof evidencein favor of theperceptualrealityof articulatoryfeaturescomes

from similarity judgmentexperiments.In thesestudiesit wasfound that soundswere judged

moresimilar by humanlistenerswhenthey hadmorearticulatory/phoneticfeaturesin common

[99, 54].

More recently, Ghitza[53] establisheda mappingbetweenJakobson’s [64] distinctive phono-

logical features(which partially overlapwith articulatoryfeatures)andspecifictime-frequency

regionsin diphonesthroughso-called“tiling” experiments.Subjectswerepresentedwith CVC

(consonant-vowel-consonant)wordsdiffering in the initial or final diphoneandwereasked to

performanABX listeningtest,i.e.threestimuliwereplayedto thesubject,of whichthethird had

to beidentifiedaseitherthefirst or thesecondone.TheCVC listsweremodifiedby dividing the

signalportionsbelongingto thediphoneinto six equaltime-frequency regions(“tiles”), which

were then interchangedparadigmatically. By analyzingthe resultingperceptualconfusionsa

directmappingcouldbeestablishedbetweencertaintime-frequency regionsanddistinctivefea-

tures.Sincetime-frequency informationcanfurtherberelatedto auditory-nervefunction,it may

beconcludedfromthisstudythatthefeaturesinvestigatedhaveperceptualrealitybybeingcoded

in theauditoryperiphery.

Therearesomephoneticandpsycholinguistictheorieswhich take anextremepoint of view on

the questionof the perceptualrelevanceof articulatorycategoriesandclaim that articulatory

categories(alsotermedmotorcommandsor articulatorygestures)exclusively form thebasisfor

humanspeechperception,i.e. thatlistenersperceivesoundsby reconstructingtherelevantartic-

ulatory gesturesfrom the speechsignal.The first theoryof this kind wasthe Motor Theoryof

Speech Perception, proposedby Libermanin 1967[81] andrevisedLibermanandMattingly in

1986[82]. Fowler’sModularityTheory[45] andBrowmanandGoldstein’sArticulatoryPhonol-

ogy [18] alsofall into this category.

Themain argumentof the Motor Theoryin supportof articulation-basedspeechperceptionis

thefactthatacousticcorrelatesof phoneticcategoriesarenotuniquelyidentifiable.Dueto coar-

ticulation theacousticpropertiesof a givensounddiffer widely in differentphoneticcontexts.

It hasbeenshown in speechperceptionexperiments(e.g.[86])thatphoneticdistinctionssuchas

voicingcanbesignaledby a varietyof acousticcues.All of thesecuescanassumea distinctive

function in certaincontexts; however, noneof themis indispensablefor the discriminationof

phoneticcategoriesbecauseit canalwaysbe substitutedby setsof othercues.Thus,it seems

impossibleto enlistthoseacousticpropertieswhichareresponsiblefor theperceptionof speech

soundsacrossall contexts.Furthermore,theproponentsof Motor Theoryarguethat it is cogni-

tively moreplausibleto assumethathumanspossessa singlerepresentationand/orprocessing

modulefor both theproductionandtheperceptionof speechthanto posit theexistenceof two

separate,highly specializedmodulesfor thesetasks.It is proposedthat productionand per-
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ceptionsharea commonrepresentationandperhapsa commonprocessingstrategy, which are

presumablyinnate.

Themotor theoryseemsbesupportedby certainexperimentalfindingsandempiricalobserva-

tions,suchasthefactthathumanlisteners,in situationswherethey encounterspeechperception

problems,involuntarily mouth the correspondingarticulatorymovements.On the otherhand,

therearelisteners(speech-impairedadultsandprelinguisticinfants)who areincapableof artic-

ulatingspeechsounds,but who areneverthelessableto processandunderstandspeech.Thus,

knowledgeaboutarticulatorygesturesdoesnot seemto becritical for theperceptionof speech.

Furthermore,the argumentadducedagainstan auditory theoryof speechperception,viz. the

variety of acousticcues,canin principle alsobe appliedto the Motor Theory itself: although

articulatorygestures,aswe have alreadynoted,arecontextually lessvariablethanacousticpa-

rameters,they needto beretrievedfrom theacousticsignal,which requiresasimilarly complex

transformationaspurelyauditoryspeechperception.In sum,it is highly questionablethatartic-

ulatorygesturesareindispensablefor theperceptionof humanspeechsounds.However, it does

seemlikely thatin certainsituationsarticulatoryrepresentationscanhelpclassifyspeechsounds

into linguisticcategories.

2.3 Drawbac ks

Despitethe advantagesof articulatory representationsdescribedabove, most state-of-the-art

speechrecognitionsystemsdo not incorporateany articulatoryinformation.This can be ex-

plainedby thetwo majordrawbacksof articulatoryrepresentations:first, it is difficult to reliably

extract articulatoryparametersfrom the acousticsignal;second,the useof articulatoryinfor-

mation requiresadditionalprocessing,which hasup to now preventedthe integrationof this

approachinto large-scaleapplications.

Theonly feasibleway to make useof articulatoryinformationin speechrecognitionis to map

the acousticsignal to an articulatoryrepresentation.This is a necessaryprerequisitebecause

direct articulatorymeasurements,e.g. in the form of X-ray data,are not available in normal

speechapplications.However, the reconstructionof articulatorymovementsfrom the acoustic

signal is greatlycomplicatedby what is usually termedthe inversion problem. The inversion

problemdenotesthe lack of a one-to-onemappingbetweenarticulationandacoustics.Widely

differingarticulatoryconstellationscangeneratehighly similar acousticpatterns.This hasbeen

demonstratedempiricallyin so-calledbite-blockexperiments[51]. In theseexperiment,subjects

wereaskedto producespeechwhile theirarticulationwasartificially impairedby aphysicalob-

structionin the vocal tract. Undera variety of differentobstructionconditions,subjectswere

still able to generateperfectly intelligible speechshowing similar acousticpatterns.The in-
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versionproblemalsobesetsthe reversetransformationfrom acousticsto articulation.Atal et

al. [3] investigatedacoustic-articulatorymappingwith the objective of computingan inverse

of the articulatory-to-acousticfunction.Using a computer-sortingtechniqueto derive formant

bandwidthsandamplitudesfrom articulatoryvariablessuchascross-sectionalareasof thevo-

cal tract,they noticedthat“largeambiguitieswereobserved.Largechangesin theshapeof the

vocaltractcanbemadewithoutchangingtheformantfrequencies”([3]:1555).Thisobservation

hasbeenreplicatedin severalsubsequentstudiesconcernedwith findinganacoustic-articulatory

mappingfunction,e.g.[13, 106,107, 105]. In sum,the relationbetweenacousticsandarticu-

lation is non-uniqueandhighly non-linear. However, althoughthemappingproblemcannotbe

solveddeterministically, it canbe conceivedof asa problemof statisticalpatternrecognition,

wherepowerful (nonlinear)classifiersandsufficient trainingmaterialmaycontribute to estab-

lishing a robustmappingbetweenacousticinput dataandarticulatoryclassesin a probabilistic

fashion.Moreover, inversionmayconstitutea seriousproblemfor local classificationbasedon

asingleacousticframebut maybeeasierto performovera longertime spanconsistingof mul-

tiple frames.Thus,dynamicconstraintsincorporatingstatisticsof thedurationsof articulatory

gesturesmaygreatlysimplify theinversiontask.

The secondreasonwhy articulatoryrepresentationshave not beenusedextensively in speech

recognitionsystemsis the additionalcostassociatedwith them.If articulatoryparametersare

statisticallyextractedfrom theacousticrepresentation,anadditionalprocessingstepis required.

Computingan inversetransformationof the articulatory-acousticmappingis similarly expen-

sive,asit usuallyrequiresa searchof thearticulatoryspace.However, this additionalcostmay

beacceptableif it simplifieshigher-level processing,suchastheevaluationof acousticmodels

or thelexical searchduringdecoding.Furthermore,a modular, parallelrecognitionarchitecture

maybecapableof handlingtheadditionalprocessingrequirementsin realtime.

2.4 Previous Work

Therehave beenseveralpreviousattemptsat usingeitherarticulatoryor acoustic-phoneticin-

formationin ASR. Thesefall into threemain categories,viz. the extractionof articulatorypa-

rametersfrom directphysicalmeasurements,articulatory/acoustic-phoneticfeaturesystems,and

articulatory-basedpreprocessing.

2.4.1 Direct Physical Measurements

The mostdirect andaccurateway of describingarticulationis to physicallyrecordthe move-

mentsof articulators.Variousmethodshave beendevelopedfor this purpose,e.g.cineradiogra-
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phy, wheremetalpelletsareattachedto asubject’sarticulators(typically lips, tonguetip, tongue

dorsum,andjaw), whosemovementsarethenrecordedby X-ray. Thedisplacementof thepellets

from theneutralpositionacrosstimeyieldsa fairly accurateaccountof articulatorymovements.

Papcunet al. [97] andZackset al. [126], usedX-ray microbeamdatacoupledwith acoustic

data(FFT-basedbark-scaledcoefficients)to mapacousticparametersto articulatorytrajectories

usinga neuralnetwork. WhereasPapcunet al. [97] describethemappingfrom acousticsto ar-

ticulatorytrajectoriesandarticulatorygesturesin detail,anactualapplicationof thetechniqueto

vowel recognitionis describedin thepaperby Zackset al. [126]. Thedatasetusedfor training

andtestingconsistedof 45 words(3 repetitionsof 3 wordsspoken by 3 speakers),eachword

containingonevowel. In oneexperiment,this datasetwasusedfor both training andtesting;

in a secondexperiment,all datafor onespeaker wasdeletedfrom the trainingsetandusedas

thetestset.A vowel recognitionaccuracy rateof 96%wasobtainedfor thefirst experiment;the

secondexperimentyielded87%accuracy.

2.4.2 Ar ticulator y Feature Systems

A numberof speechrecognitionsystemshavebeenbuilt whichusearticulatoryfeaturessimilar

to the approachdescribedin this thesis.A closely relatedconceptis the conceptof “distinc-

tive features”in phonologicaltheory[23]. Distinctive featuresystemsandarticulatoryfeature

systemsoften includesimilarly namedfeatures;however, thereis an importantdistinction to

bemade.Distinctive featuresystemswereprimarily developedfor thepurposeof phonological

classificationand thusmay include featureswhich bearlittle relation to physicalparameters.

Examplesof thesearesyllabic or consonantalwhich have the functionalpurposeof grouping

togethercertainclassesof speechsounds– they do nothaveuniquecorrelateseitherin acoustic

or in articulatoryspace.In this thesis,weexplicitly restrictoursetof featuresto thosewhichcan

beexpectedto have well-definedcorrelatesin articulatoryspaceandexcludeany functionalor

purelyacousticallydefinedfeatures.

In the following discussionof feature-basedapproachesin ASR we will neverthelessinclude

thosestudieswhich usedistinctive or acoustic-phoneticfeatures.The commoncharacteristic

of theseapproachesis that a pre-definedsetof featuresis establishedfor the languageunder

investigation.Thesefeaturesare then detectedfrom the acousticspeechsignal by meansof

statisticalclassifiersandaresubsequentlyusedto definehigher-level unitslikephones,syllables

or words.

Oneof theearliestsystemswhichmakeuseof articulatoryfeatureswasreportedbySchmidbauer

[110]. Schmidbauerdevelopeda speechrecognizerfor Germanusing19 articulatoryfeatures

describingmannerandplaceof articulation.Theseweredetectedfrom thepreprocessedspeech



2.4 Previous Work 25

signalby meansof a Bayesclassifier. Theposteriorfeatureprobabilitieswereconcatenatedto

articulatoryfeaturevectors(AFVs), whichwerethenusedasinput to phonemichiddenMarkov

models(HMMs). On a small database(about10-15minutesfor both training andtesting),an

improvementof 4%overastandardsystembasedonMFCCswasachieved.Theauthorobserved

that the AF systemwas more robust towardscross-speaker variability and showed a smaller

varianceof recognitionaccuracy acrossdifferentphonemeclassesthantheMFCCsystem.

Dalsgaardandcolleagues[29, 114] usedthree-valuedarticulatoryfeaturesfor the purposeof

multi-lingual labeling. 20 (Danish) to 25 (British English) featureswere detectedby a self-

organizingneuralnetwork (SONN).TheSONNoutputwasusedasinput to multivariateGaus-

sian mixture phonememodels,which were usedfor automaticlabel alignmentby a Viterbi

algorithm.Theresultwasevaluatedwith respectto amanualannotationof labelboundaries,but

nocomparisonof recognitionaccuracy to astandardacousticsystemwasgiven.

Eide et al. [37] used14 acoustic-phoneticfeaturesfor broadclassphoneticclassificationand

keyword spottingfor anAmericanEnglishdatabase.Thesefeaturesmostlyhadanarticulatory

interpretationbut also includedfunctional featureslike consonantaland continuant. Feature

probabilitieswerederivedusingGaussianclassifiersafterhaving obtaineda broadclassViterbi

segmentationof the waveform.Phonemeprobabilitieswerethendefinedby a productcombi-

nationof featureprobabilities,togetherwith a durationmodel.Underthis schemea phoneme

classificationaccuracy of 70% wasobtainedon the TIMIT database.For the purposeof key-

word spotting,the sameapproachwas usedon narrow-band(telephone)speech.Significant

improvementswerealsoobtainedwhenabaselineMFCC-basedsystemwascombinedwith the

feature-basedsystemby meansof acostfunctioninvolving hand-tunedweights.

Probablythe mostelaboratearticulatoryfeaturesystemhasbeendevelopedby Dengandcol-

leagues[31, 40, 34, 33, 41]. Theauthorsused18 multi-valuedfeaturesto describethefour di-

mensionsof voicing,placeof articulation,verticaltonguebodymovementandhorizontaltongue

bodymovement.Furthermore,they modeledthespeechsignalasa sequenceof targetarticula-

tory vectorsinterspersedwith transitionalvectors.Targetvectorsweredefinedby a rule-based

combinationof articulatoryfeatures.Thetransitionalvectorswereunderspecified;featureswere

allowedto assumeany phoneticallyplausiblevalueintermediatebetweenthevalueof thepre-

vious target vectorandthat of the following target vector. Individual vectorscorrespondedto

HMM states;all possiblevectorswere combinedinto a single ergodic HMM whosetransi-

tionsandemissionsweretrained.Earlyexperimentsreporteda relative improvementof 26%on

averageover a conventionalphonemeHMM on a consonant-vowel speaker-independentclas-

sification task.Phonerecognitionexperimentson the TIMIT databaseyielded a 9-14% rela-

tive improvementcomparedto theacousticbaselinesystem.Finally, on a speaker-independent

medium-sizedword recognitiontask,theAF recognizerachieveda 2.5%relative improvement
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comparedto asingle-componentGaussianmixturephonemerecognizer.

Furtherresultson phonetic-featureclassification(includingarticulatoryfeatures)werereported

in Windhaueret al. [123]. 18 featuresweredetectedusingtime-delayneuralnetworks;theout-

putsweremultiplied to yield phonemeprobabilities.Recognitionresultswerereportedon the

ALPH Englishspellingdatabase;however, no comparisonto a standardacousticsystemwas

given.

Eleniuset al. [39, 38] comparedhybrid ANN/HMM classifiersfor phonemerecognitionbased

onspectralvs.articulatoryrepresentations.Sevenphoneticfeatureswereusedasanintermediate

level in aphonemeclassifierandcomparedto aphonemeMLP withoutany intermediatefeature

level. On a speaker-dependentspeechdatabaseconsistingof 50 sentencesfor bothtrainingand

testing,theauthorsfoundthatthespectralclassifierperformedbetter. However, they did observe

anadvantageof thearticulatoryfeature-basedclassifierfor speaker-independentdata.

2.4.3 Ar ticulator y Prepr ocessing

The approacheswhich can be groupedtogetherunder the label “articulatory preprocessing”

seekto develop a parameterizationof the speechsignalwhich enhancesacoustic-phoneticor

articulatoryinformation.No statisticalclassificationis involvedto extract thesecategories;in-

stead,specializedpreprocessingfront-endsaredesignedbasedonknowledgeabouttheacoustic

correlatesof thecategoriesin question.Thus,correlatesfor featureslikenoncontinuant, fricated,

palatal, etc.aredefinedin termsof energy in specificfrequency bands,energy ratiosbetween

differentbands,zero-crossingrates,normalizedauto-correlationcoefficients,etc.

Bitar & Espy-Wilson [11, 12] usedarticulatoryparametersas input to HMMs for phoneme

classification.Comparedto MFCCs,relative improvementsof up to 11%wereachievedon the

TIMIT database.Theseimprovementswere particularly obvious in caseswheretherewas a

gendermismatchbetweenthetrainingandthetestdata.

Varnich-Hansen[57] alsodescribedthedevelopmentof novelacousticparametersfor distinctive

featureandphonemeclassification.Classificationresultsweregivenfor theTIMIT databasebut

werenotcomparedto standardacousticparameters.

Ali et al. [1] developedan acousticfront-endfor the recognitionof fricatives,which identi-

fied voicingandplaceof articulation.Thefront-endconsistedof critical-bandfilters,a hair-cell

synapsemodel,andageneralizedsynchrony detector. Relevantacousticfeaturesincludedenergy

in differentfrequency bands,relative amplitudeandspectralshape.This modelwastestedon

fricativesexcisedfrom thecontinuousTIMIT database.Remarkablyhigh accuracy rates(95%

for voicing,93%for placeof articulation)werereported.
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RameshandNiyogi [93, 102] concentratedexclusively on the voicing featureandon improv-

ing discriminationbetweenstopconsonants.A detectorfor voice onsettime (VOT) basedon

crosscorrelationanddynamicprogrammingwasusedto classifysegmentsaseithervoicedor

unvoiced.Thisclassificationwasperformedafterafirst-passsegmentationhadbeencarriedout

by a conventionalHMM system.This strategy led to an overall reductionof 48.7%of stop-

consonantidentificationerrorrateobtainedon aspellingdatabase.

2.4.4 Evaluation

The first of the approachesdescribedabove, the useof direct articulatorymeasurements,has

only marginal relevanceto ASR becauseof thelack of large,speaker-independentdatabasesof

articulatorymeasurements.Theexistingarticulatorydatabasesdonotprovidesufficient training

materialfor statisticalmodelsin orderto learnarticulatoryparametersfrom thecorresponding

acousticdatafor abroadvarietyof contexts.

Articulatory-basedpre-processingcanpotentially be useful in improving speechrecognition.

Its advantageis that no intermediatelevel of articulatoryfeatureclassificationis required;the

parametersextractedfrom thespeechsignalcanbedirectly usedto estimatethedistribution of

subword units,in thesameway asstandardacousticparameters.However, thearticulatorypre-

processing(extraction) approachis essentiallyarule-basedapproach.Theacousticcorrelatesof

thecategoriesto be extractedaredefinedon thebasisof expert knowledge,which rendersthe

developmentof successfulfeatureextractionalgorithmsdifficult andslow. Moreover, theseal-

gorithmshaveup to now only beentestedon clean,full-bandspeech.It is to beexpectedthatat

leastthosedefinitionsof acousticcorrelateswhich rely on absolutefrequency or energy values

will haveto beredefinedfor noisyor band-limitedspeech.As mentionedabove,articulationex-

hibits context-dependence.Voicing, for instance,maybeeasilyidentifiableby voice-onsettime

for stopconsonantsin syllable-initial position.However, stopsin differentcontexts andother

consonantssuchasfricativesmayhavea lesswell-definedrealization.Thus,a rule-basedartic-

ulatorypre-processingapproachmaywork well whenafirst-passsegmentationof thesignalhas

alreadybeenperformedor whencertain“landmarks”have beendetectedfirst [87] so that the

context canbedefinedmoreaccurately, but it is suboptimalfor purelybottom-upacousticclassi-

fication.Thus,in spiteof thecomputationaleffort associatedwith it, thestatisticalclassification

componentseemsto beindispensablefor anarticulatoryapproachto ASR.An articulatoryrepre-

sentationmayin itself exhibit lessvariationthanaspectralrepresentation;however, theacoustic

patternsfrom whichthearticulatorycategoriesareto berecoveredaretoovariedandtoointrans-

parentto beamenableto a rule-basedfeatureextractionmethod.It maybe for this reasonthat

themostpromisingASR resultsdescribedabovehave beenobtainedby thearticulatoryfeature
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classificationapproach.

Theprecedingsectionhasshown that theAF approachto speechrecognitionis not anentirely

new idea.However, severalimportantresearchissueshavebeenneglectedor entirelyomittedin

thesepreviousstudies,which explainsthemotivationof this thesis:

º First, little effort hasbeendevoted in generalto the articulatoryapproach.Attemptsat

developingAF systemshave beensporadicandin many caseshave beenabandonedpre-

maturelybeforetheirpotentialwasexhaustively analyzedandexploited.Furthermore,the

full rangeof statisticalclassificationandoptimizationtools obviously hasnot beenap-

plied to mostof thesesystems.In mostcases,a setof articulatoryfeatureswasselected

heuristically. Theoutputof thefeatureclassificationcomponentwasthenusedasinput to

thesamehigher-level processingcomponentsthatwereemployedin theacousticbaseline

systems,which may or may not have resultedin an improvementin performance.It is

evident,however, that the introductionof a new setof features,suchasarticulatoryfea-

tures,alwaysrequiresextensive systemoptimizationandfine-tuningin orderto achieve

resultscomparableto thoseof anacousticbaselinesystemwhich in many caseshasbeen

developedandoptimizedovermany years.º Most of the researchefforts in articulatoryspeechrecognitionhave beendirectedat the

extractionof articulatoryparametersfrom the acousticspeechsignal.However, it is at

leastequally importantto find out how theseparametersfunction in a complex speech

recognitionsystem.º Most of the studiesmentionedabove do not provide a detailederror analysisof the

strengthsandweaknessesof theAF systemsvs.theacousticbaselines.Systemsaremerely

comparedin termsof phonemeor word error rates,which yields very little information

abouttheconditionsin whichAFsmayor maynotbeuseful.Eideetal. [37] notein pass-

ing that “the linguistic featuresextract informationin thewaveformdifferently from the

HMM” ([37]:486) but a moredetailedanalysishasnot beenperformedeither in this or

otherstudies.º This introducesanotherissuewhich hasnot beensufficiently investigated:if AF repre-

sentationsandacousticrepresentationsprovide differentinformation,it might beadvan-

tageousto combinethem.However, very little effort hasbeendirectedtowardsthis goal.º Previous AF studieshave only looked at limited speechrecognition tasks, such as

phonemeidentification.To the bestof our knowledge,the potentialof AFs for conver-

sationalspeechor largevocabularyhasnotbeeninvestigated.
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º Althoughthepotentialof AFsin thepresenceof noiseandotheradverseacousticenviron-

mentshasrepeatedlybeenasserted,it hasneverbeensystematicallytested.

This thesiswill addressall of thesepointsby investigatingAFsunderabroadvarietyof acoustic

and linguistic conditions,including clean,noisy, andreverberantspeech,full-band aswell as

narrow-bandspeech,differentrecognitiontasks– numbersrecognitionandconversationaldia-

loguerecognition– aswell astwodifferentlanguages,AmericanEnglishandGerman.Through-

out this thesis,we will follow a featureclassificationratherthana featureextractionapproach.

Particularemphasiswill begivento theperformanceof AFswithin anentirespeechrecognition

system. Moreover, detailederroranalyseswill be providedof the strengthsandweaknessesof

the different representations.Finally, differentapproachesto combiningboth systemswill be

presented.
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Chapter 3

Small Vocab ular y Recognition Using

Ar ticulator y Information: A Pilot Stud y

In this chapterwe will presenta pilot studywhich highlightssomeof theresearchissueswhich

we will addressin greaterdetail in thesubsequentchaptersof this thesis.We will describethe

developmentof arecognitionsystembasedonarticulatoryfeaturesandcompareits performance

on a small-vocabulary continuousnumbersrecognitiontaskto that of state-of-the-artacoustic

recognizers.Characteristicdifferencesbetweenthe acousticand articulatorysystemswill be

analyzedat variouslevelsof the recognitionsystem.We will show that therecognizersexhibit

differenterrorpatternsandthusindicatepotentialfor recognizercombination.Finally, we will

discussandinvestigateframe-level combinationstrategiesandpresentcombinationresults.

3.1 Corpus and Baseline Systems

3.1.1 Corpus

Thecorpususedfor theexperimentsreportedin thischapteris theOGI Numbers95corpus[27].

This is anAmericanEnglishcorpusconsistingof acollectionof continuouslyspokennumbers–

a typicalutterancein this corpusis two hundredthirty six. Theutterancelengthrangesbetween

oneandtenwordswith anaverageof 3.9wordsperutterance.Thecorpuswascompiledat the

Oregon GraduateInstituteby extractingnumbers(zip codes,dates,streetnumbers,etc.) from

variousotherspeechcorpora,all of whichhadbeenrecordedover thetelephone(includingboth

analogueanddigital telephonelines).Thedatasetusedfor trainingandcrossvalidationconsists

of 3590utterances(3233for training,357for crossvalidation),correspondingto approximately

two hoursof speech.The test set comprises1206 utterances(40 minutes).All utterancesin

thesesetsweremanuallytranscribedat thephonelevel.Thevocabularyconsistsof the32words

shown in TableA.1 in theAppendix.
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In additionto theoriginal testset,four modifiedversionsof thetestsetwerecreated1 by artifi-

cially addingnoiseor reverberationto thespeechsignal.Thereverberanttestsetwasproduced

by digitally convolving thesignalwith animpulseresponsefunctionrecordedin anechoicroom

with a reverberationtime of 0.5s.For the noisetestsets,pink noisefrom the Noisex database

wasaddedto thespeechsignalat varioussignal-to-noise(SNR)ratios:0, 10,20,and30 dB.

3.1.2 Recognition System: The Hybrid Paradigm

All recognizersusedfor theexperimentsreportedin thischapterarehybridANN/HMM systems.

Thehybrid approachto speechrecognitioncombinesartificial neuralnetworks(ANNs) for the

estimationof localsubwordunit probabilitieswith HMMs, whichperformthetaskof temporally

aligningthespeechsignalwith asequenceof acousticmodels.Moreprecisely, this involvesthe

recursive computationof the likelihoodof the sequenceof featurevectors̄
�¼»�½"�:»6¾m�<�3�3�2�:»�¿

giventhemodel À , where À is anHMM with
¤
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Thus,the global probability of an observation sequence
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given a HMM À is de-

fined asthe productof all transitionandobservation probabilitiesover time points
�

throughÐ
, summedoverall possiblestatesequences.Underthemostwidespreadapproachto ASR, the

Gaussianmixture approach,the local emissionprobabilities· � »#Í Ä Á  Î��Ï �:� , with
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arecomputedby a weightedsumof Gaussianprobability densityfunctions

(pdfs),so-called“mixture components”:
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where
× �  

and
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arethemeanandcovariance,respectively, of the Û � Ï^Ü mixturecomponentat

stateª and ¡ �   is themixtureweightfor thatcomponent.Eachmixturecomponenthastheform
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where
×

is themeanvectorand
Ú

thecovariancematrix of thedistribution and ì is thedimen-

sionalityof thefeaturespace.

In hybrid systems,ANNs areusedto estimatethe local emissionprobabilitiesof HMM states.

The different types of ANNs which have beenusedfor this purposeinclude Multi-Layer-

Perceptrons(MLPs) [91], Radial-Basis-Function(RBF) networks [112], recurrentneuralnet-

works(RNNs)[108],andtime-delayneuralnetworks(TDNNs) [47]. All of thesenetworksareí
We aregratefulto Brian Kingsbury, ICSI, for supplyingthesetestsets.
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generalfunction approximatorswhich aretrainedto minimize a distancefunction relatingthe

network outputsto a setof pre-specifiedtarget values.This error function is usuallyeitherthe

mean-squarederror (MSE) or the relative entropy function. The MSE betweenthe network’s

output î andthetarget ï is definedasð � î � ï �Æ�dñ8ò � î ¬ ï � �^ó (3.4)

wheretheexpectationis takenover thesetof trainingsamples.Therelativeentropy betweenthe

distributionsover
¯

and
²

, is definedasð �
¯ � ² ���ôñõò ¦-ö ò · � ï ö � � ì · � ï ö �· � î ö �^� ó3ó (3.5)

The following reasonshave beenput forward (e.g. [91]) in favor of the hybrid approachand

againsttheGaussianmixtureapproach:º statistical modelingassumptions

It hasbeenarguedthat ANNs permit an unconstrainedapproximationof the function

underlyingthe distribution of the training datawhereasGaussianmixture classifiersare

basedon the assumptionthat the input datais normally distributed.This is only true to

someextent – in principle,ANNs canapproximateany objective function [62] but only

underthe conditionsthat a sufficient numberof free parameters(hiddenunits,weights)

areusedandthatsufficient trainingdataareavailableto train theseparameters.Moreover,

any distribution canin principle be approximatedby the weightedsumof a sufficiently

largenumberof Gaussianmixturecomponents.Wewill returnto thispoint shortly.º incorporation of context

Anotherargumentwhich hasbeenadducedto supportthe hybrid approachis the possi-

bility of includingphoneticcontext in theestimationof local emissionprobabilities.The

input to anANN mayconsisteitherof thefeaturevectorat time
Ï

only, or it mayinclude

theneighboringfeaturevectorsattimes
Ï"¬8� � Ï"¬ �÷�<�3�3�2� Ï"¬ ì and

Ï1�ø� � Ï1� �÷�1�2�3�2� Ï<� ì aswell.

In principle,context canalsobeincludedwhentheestimatoris a Gaussianmixtureclas-

sifier. Insteadof estimatingmeansandcovariancesfor featurevectorsof dimension,ù , it

is thennecessaryto estimatetheseparametersfor
� ì �i� � ù -dimensionalvectorswhichare

formedby concatenatingtheoriginal vectorand ì context vectors.Which approachis to

bepreferreddependson theparticularapplication.Considera fully connectedthree-layer

MLP with 100 hiddenunits and50 outputunits.Given a 20-dimensionalfeaturevector

anda context window of threeframes,the MLP needsto find the valuesfor (60 ú 100)

+ (100ú 50) = 11,000weights.The numberof free parametersfor a single-component

full-covarianceGaussianmixture systemwith the samenumberof outputclasseswould



34 3 Small Vocabulary Recognition Using Articulatory Information: A Pilot Study

be (1830+ 60) ú 50 = 94,500.( ûýü  ¨ � ª parametersfor the (triangular)covariancematrix,

60 for themeanvector, 50 classes).If, however, diagonalcovariancesareused,this num-

ber is reducedto (60 + 60) ú 50 = 6,000.The suitability of eachapproachthusdepends

on how muchmodelingeffort is neededfor the taskat hand.MLPs may be the classi-

fier of choiceif the datahasa highly non-Gaussiandistribution which would requirea

largenumberof mixturecomponents,andif thetheuseof diagonalcovariancematricesin

theindividual mixturecomponentswould resultin a sharpdeclinein accuracy. However,

in othercaseswherethedatadistribution closelyresemblesa Normaldistribution which

couldadequatelybemodeledby asmallnumberof mixturecomponents,or evena single

Gaussian,theGaussianmixtureapproachmight bepreferable.

º discriminati ve training

The third importantargumentis that certainANNs, suchasMLPs, aredirectly trained

to discriminatebetweenthe output classesrather than to most closely matchthe data

distribution.As severalresearchers(e.g.[122,103]) haveshown, theoutputactivationsof

MLPs approximateBayesiana posteriori probabilitiesin the meansquarederror sense,

undertheconditionsthat (a) themean-squarederroror relative entropy error function is

usedduring training, and (b) a sufficiently large numberof hiddenparametersis used

to be ableto correctlyapproximatethe desiredresult.In orderto distinguishbetween}
classesþ �9�1�2�3� þ ö , we need } discriminantfunctions ù ö � î � . Theseare definedby the } -

dimensionalvectorof a posteriori probabilitiesfor the setof classesÿ , � ��� Ä »�� . Since

the parametersof the MLP are trainedsuchthat the output most closelyapproximates

this probabilityvector, all discriminantfunctions(andthereforeall classboundaries)are

optimizedjointly duringtraining.In theGaussianmixturesystem,on theotherhand,each

modelis usuallytrainedindividually to maximizethelikelihoodof thetrainingdatagiven

themodel,withoutconsideringtheoptimalclassboundaries.2

At agiventimeframe,
Ï
, anANN estimatestheprobability ¹ � Á  Õ�
Ï � Ä »#Í4� of theHMM stateÁ   given

the observation vector
»�Í

. Sinceit is the likelihood · � »#Í Ä Á  Õ�
Ï �^� which is requiredby Equation

3.1,theposteriorprobabilitiesoutputby theANN areconvertedto scaledlikelihoodsby dividing

themby thea priori classprobabilities¹ � Á   � .3
The ANNs usedin our experimentsare three-layeredMLPs (one input, one output and one�

Morerecently, however, variousdiscriminativetrainingcriteriahavebeeninvestigatedin thecontext of Gaussian

mixtureHMM systems,e.g.[10, 22, 109].�
In thehybridapproachconsideredhere,eachindividualHMM statecorrespondsto anoutputclass,i.e.asubword

unit.
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hiddenlayer).Theactivationfunctionof thehiddenlayeris thelogistic function~ � î ��� ���� � î · �N¬ Ê î � (3.6)

where Ê is a constantcontrolling theslopeof thefunction.Thefinal outputactivationfunction

is thesoftmaxfunction: ~ � î   ��� � î · � î   �û��à ¨ � � î · � î à � (3.7)

where � is thenumberof units in theoutputlayer. TheMLPs aretrainedby onlinestochastic

gradientdescentusingsimulatedannealingof thelearningrateto control theamountof weight

changeat eachepoch.Initially, theinput datais normalizedby dividing eachtrainingvectorby

thesamplemeanandsubtractingthesamplevariance.During training,patternsarepresentedto

thenetsin a randomizedfashion.It is possibleto includenot only thecurrentframebut also ì
context frameson eachside,suchthat trainingsamplesactuallyconsistof windows of

� ì �T�
frames.Windowing respectsedgeconditions,i.e. it doesnotspanutteranceboundaries.

Twodifferenttypesof trainingschemesarepossiblewith thisarchitecture:simpleandembedded

training.Simpletrainingconsistsof traininganMLP until thetrainingalgorithmconvergesand

thenperformingrecognition.During embeddedtraining, the subword net obtainedin a given

trainingphaseis usedto realignthe transcriptionswith the trainingdata.This producesa new

setof labelswhich is thenusedto trainanew ANN in thesubsequenttrainingphase.

3.1.3 Acoustic Baseline Systems

Two differentacousticrecognitionsystemswereusedasreferencebaselines,correspondingto

thecleanvs.deterioratedtestconditionsdescribedabove.Thebaselinesystemfor cleanspeech

wasdevelopedby Nikki Mirghafori,thosefor reverberantandnoisyspeechweredevelopedby

BrianKingsbury4.

The recognizerfor cleanspeechuseslog-RASTA-PLP preprocessing[60]. This preprocessing

methodfirst appliesa windowedFFT to the signalandcomputesthe power spectrumof each

FFTcomponent.Thepowerspectrumis thenconvolvedwith aBark-scaletrapezoidalfilter bank

to approximatecritical-bandfrequency resolution,similarto themel-scalewarpingin thecaseof

MFCC preprocessing.After logarithmiccompressiona bandpassfilter is appliedwhich passes

the frequency modulationsbetween1-12 Hz. The output is thenexponentiallyexpandedand

equal-loudnessweightingandcube-rootcompressionareappliedin orderto modelperceptual

loudness.Finally, linearpredictioncoefficientsarecomputedbyanautoregressiveall-polemodel

andthecepstrumis taken.�
bothat InternationalComputerScienceInstitute(ICSI), Berkeley, USA
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In additionto theeightbasiclog-RASTA-PLP coefficients,computedevery 10 mswith a win-

dow of 25 ms, the cleanspeechbaselinesystemadditionally usestheir first derivatives.The

numberof hiddenunits(HUs) in thephoneMLP is 400,thesizeof thecontext window is nine

frames,correspondingto approximately105 ms.The systemwastrainedusingthe embedded

trainingprocedure.

Similar to MFCC processing,log-RASTA-PLP processingis basedon the log-spectrumandis

thereforelikely to be susceptibleto additive noise.For this reason,log-RASTA-PLP wasnot

usedfor the deterioratedtest conditions.Instead,modulationspectrogram(MODSPEC)pro-

cessingwasemployed,which hasbeendevelopedspecificallyfor reverberantandnoisyspeech

andwhich hasdemonstratedsuperiorperformanceundertheseconditions[55].

Themodulationspectrogramis basedon aneighteen-channelcritical-bandFIR filter bank,fol-

lowed by the computationof amplitudeenvelopesin eachchannel.The amplitudesignalsare

downsampledandnormalizedat theutterancelevel. Subsequently, a bandpassfilter is applied

which simulatesthecharacteristicsof a FFT with a 250-msKaiserwindow. Finally, cube-root

compressionis applied.Thecharacteristicpropertiesof MODSPECpreprocessingarethesup-

pressionof fine phoneticdetailssuchasonsetsandtransitions,andthe emphasisof the gross

distribution of energy acrosstime andfrequency. MODSPECenhancesmodulationsbetween0

and8 Hz, with apeakat 4 Hz, correspondingroughlyto thesyllabicrateof speech.

Thebaselinesystemfor thenoise/reverberationtestconditionsuses15modulationspectrogram

features.Thehiddenlayerof thephoneMLP consistsof 560HUs;thesizeof thecontext window

is nineframes.Thesystemwastrainedby embeddedtraining.

All systemsusedfor the experimentsin this chapteremploy the samerecognitionlexicon5,

which containsboth canonicalpronunciationsand pronunciationvariants,yielding a total of

approximately200 differentpronunciationforms. Lexical searchis carriedout by a one-best

Viterbi decoder. A back-off bigramis usedasa languagemodel.

3.2 Ar ticulator y Feature Based Systems

The first step in the developmentof an articulatory-featurebasedrecognitionsystemis the

heuristicselectionof a suitableset of features.Many featuresystemshave beenproposedin

thepast,basedon theoriesof speechproduction,acousticphonetics,or phonology. We will not

discussthevariousadvantagesanddisadvantagesof thesesystemsherebut wewill merelydelin-

eatethegeneralcriteriathatany acoustic-phoneticorpseudo-articulatoryfeaturesystemfor ASR�
developedby DanGildeaat ICSI
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shouldfulfill. 6 Sincethesekindsof featurestypically serveasanintermediaterepresentationbe-

tweentheacousticsandthelexicon,they shouldminimally meetthefollowing criteria:º acousticstability

The acousticstability criterion requiresthat featuresbe extractablefrom an acousticre-

presentationof the speechsignal.This limits the setof possiblefeaturesto thosewhich

canreasonablybeexpectedto havesomeacousticcorrelateandexcludespurelyfunctional

features.º lexical stability

Furthermore,featuresshouldbearaconstantrelationto therecognitionlexicon.In partic-

ular, they shouldbeableto distinguishbetweenall of thehigher-level linguistic units to

which they aremappedin laterstagesof therecognitionprocess.º economy

In orderto keepdevelopmentalandcomputationalefforts low, the initial setof features

shouldbeassmallandcompactaspossible.

In general,any featuresetwhich is chosenheuristicallyis unlikely to beoptimalfor thehigher-

level classificationtask(e.g.phoneclassification),sinceit doesnot take into accounttheprop-

ertiesof thecorpus,suchastherelative frequenciesof featuresandclasses,cross-featureredun-

dancies,thestructureof therecognitionlexicon,etc.Therefore,adata-drivenoptimizationstage

is usuallyrequired.

The initial featuresetchosenfor theexperimentsreportedhereis not basedon a specificpho-

netic or phonologicaltheory. However, it doesreflect the structureunderlyinghumanspeech

productionby taking into accountthe relative independencebetweendifferentdimensionsof

articulation,asdescribedabove in Chapter2.

We usefive featuregroups(Table 3.1) describingvoicing (vibration of the vocal folds), the

mannerof articulation,the placeof articulation(the locationof the constrictionin the vocal

tract during consonantproductionor the tongueheightduring vowel production),the position

of the tongueon the front-back axis, andlip rounding. The featurevalueshave in mostcases

a straightforward articulatoryexplanation,with the possibleexceptionof retroflex, which de-

scribesa mannerratherthan a placeof articulation.We have neverthelessincludedit in the

placecategory in orderto distinguish/r/ from thecoronalconsonants/n,s,t,d,S,Z/.Eachfeature

group includes“silence” in addition to the other featurevalues.“Nil” valuesareassignedto

thosesegmentsfor which this featureis not relevant.	
Seee.g.[25] for acomparisonof featuresystemsin phoneticsandphonology.
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Features Values

voicing voiced,voiceless,silence

manner vowel, nasal,lateral,approximant,fricative,silence

dental,coronal,labial, retroflex, velar,
place glottal,high,mid, low, silence

front-back front, back,nil, silence

rounding +round,-round,nil, silence

Table3.1:Articulatory featuresystemfor Numbers95.

In thepresentsystem,featuresaremappedto context-independentphones.Thereforethey were

selectedin suchawayastodistinguishamongmostphonesin thephoneset.However, in orderto

keepthesetof featuresminimal,certaindistinctionswereneglectedwhichwouldrequirethein-

clusionof additionalfeaturegroupsandwhichcaneasilyberesolvedby higher-level recognition

constraints.ThephonesetusedwastheICSI phoneset(TableA.4 givenin theAppendix),which

consistsof 56phones.Thearticulatoryfeaturesin Table3.1areableto distinguishbetweenmost

of these,with theexceptionof thesyllabicvs.non-syllabicsonorants/l/-/el/, /m/-/em/,/n/-/en/,

and/r/-/er/. Thesearemainly distinguishedby durationalasopposedto articulatorycharacter-

istics.Furthermore,certainvowel distinctions(/iy/-/ih/, /uw/-/uh/,/aa/-/ao/)werenot preserved

in orderto limit thesetof featuresasfar aspossible.Thefactthatsomephonemesareassigned

identicalfeaturerepresentationsshouldresultin thosephonemesreceiving similarclassification

scores;theconflictingchoiceshouldin principleberesolvedby higher-level lexical search.

3.2.1 Feature Classification

As mentionedin the previous chapter, a featureclassificationratherthana featureextraction

approachis pursuedin this thesis.Thephone-level transcriptionsof theNumbers95trainingset

wereconvertedinto featuretranscriptionsaccordingto thephone-featureconversiontable(Table

A.3) given in theAppendix.The resultingfeaturetranscriptionsandtheparameterizedspeech

signals7 constitutedthetrainingmaterialfor asetof articulatoryfeatureclassifiers.

Basedon thefollowing considerations,MLPs werechosenasarticulatoryfeatureclassifiers.

º It wasexplainedabove that the relationbetweenacousticandarticulatoryparametersis

highly non-linear. This calls for a classifierwhich is ableto non-linearlymaptheacous-

tic input spaceinto an articulatoryparameterspace.This is generallytrue of MLPs: the

Theparameterizationwasidenticalto thatusedin theacousticbaselinesystems.
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sigmoidaloutputfunctionsof boththehiddenlayerandtheoutputlayerarecapableof per-

forming a non-linearmapping.Moreover, the non-linear, quantalnatureof the acoustic-

articulatoryrelationmostprobablyresultsin a non-Gaussiandistribution of the feature

vectorsfor a givenarticulatoryclass.It thereforeseemsbestto imposeasfew constraints

aspossibleon thestatisticalestimationof thesedistributionsor of theposteriorprobabil-

ities for theseclasses.MLPs performtheapproximationto theobjective functionby the

following steps:

Thefirst layerof a MLP computesa setof (non-linear)basisfunctionswhich arelinearly

combinedin thesecondlayer, or severalsubsequentlayers.At theoutputof thefinal layer,

the output activation valuesare non-linearlymappedto the range[0,1] by a sigmoidal

activation function, suchasthe logistic function (Equation3.6) or the softmaxfunction

(Equation3.7).

Eachof thecomponentsof thevectorof hiddenvariablesh embodiesa basisfunction ��
appliedto theinput vectorx whichhastheform

�� � »������ ����� �]»6� (3.8)

wherew is theappropriatevectorof weightsconnectedto thehiddenunit
Ü

and
�

is the

sigmoidalactivation function of the hiddenlayer. Sincethe basisfunctionsdependon

theadjustablevectorw, they arenot predeterminedbut maychangeduringtraining.This

providesaflexible framework for learningdiscriminantfunctionsin afeaturespacewhich

mayexhibit highly irregularpatterns.

As we mentionedabove, little explicit knowledge is available about the acoustic-

articulatoryrelationfor eachclassandeachpossiblecontext. MLPs canactasnon-linear

featuredetectorswhichgraduallyfocuson thesalientacousticinput featuresduringtrain-

ing. To theextentthat theresultof thetrainingprocess(i.e. theweightmatrices)is inter-

pretable,they canthusfunctionasexploratorytoolswhena new setof features,suchas

articulatoryfeatures,is first investigated.Variousdataminingmethods(seee.g.[28]) may

beappliedto the trainedMLP in orderto extractexplicit symbolicknowledgeaboutthe

relationbetweenacousticsandarticulatoryfeatures.º Wenotedbeforethattheinversionproblemcanbesimplifiedby takinginto accounttem-

poralcontext ratherthanconsideringeachframein isolation.This involvescomputingthe

probability for (or the distribution of) several featurevectorsat a time andthusrequires

enlargingthenumberof inputparameters.Givenourassumptionsaboutthenon-Gaussian

distribution of acousticfeaturevectorsfor mostarticulatoryclasses,it is highly probable

thatseveralmixturecomponentsandfull covariancematriceswould berequiredin order
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Network # HUs # context frames

voicing 50 9

manner 100 5

place 100 9

front-back 100 5

rounding 100 5

Table3.2:Numberof hiddenunitsandcontext framesfor differentfeaturenetworks.

to achieveareasonablelevelof accuracy. It is morelikely thatMLPswill requirefewerpa-

rametersin this situationsinceonly thefirst layerof theMLP is affectedby theincreased

numberof inputparameters.º Someof thearticulatoryfeatureswehavechosenhaveagradualnatureandcanmosteasily

be classifiedin relationto otherfeatures.Examplesof thesefeaturesarevowel features

suchashigh,mid, low, whichhaverelationalratherthanabsolutedefinitions.Their corre-

spondingclassregionsin featurespacewill mostprobablyoverlap– theirclassboundaries

areboundto be fuzzier thanthoseseparating,e.g.nasal from plosive. To alleviate this

problem,a classifiershouldbeusedwhich is traineddiscriminatively.

PreliminaryexperimentscomparingMLPs andGaussianmixtureHMMs asclassifiersrevealed

a slightly superiorperformanceof the MLPs. The sameresultwasobtainedindependentlyby

King et al. [68] for distinctivefeaturerecognitionon theTIMIT database.

For eachfor thefive differentfeaturegroupsin Table3.1a separateMLP is trained,yielding a

setof five parallelMLPs. Eachof thenetworks receivesthesameacousticinput but is trained

usingadifferentsetof labels.Thus,eachMLP hasthepossibilityof focusingonthoseaspectsof

theacousticinput spacewhich providesthelargestamountof informationaboutits articulatory

outputclasses.

The featurenetworksaretrainedin a singletraining passasopposedto an embeddedtraining

proceduresinceit was found that embeddedtraining did not yield any benefitover a single

trainingpass.Thenumberof hiddenunitsandthenumberof context frames(Table3.2) in each

network were determinedempirically with the objective to maximizeclassificationaccuracy

while minimizing thenumberof parameters.

Figures3.1 to 3.5 show the frame-level accuracy of eachnetwork in relationto thenumberof

context frames.Thesedatawereobtainedonthecleantestset.Basedonthesevalues,theoptimal

numberof context frameswasdeterminedfor eachnetwork. Beforediscussingthem,a caveat

shouldbementionedwith respectto evaluatingthefeatureclassifiers.Similar to featuretraining,
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Figure3.1:Accuracy ratesfor voicing features.

featureevaluationis basedon phonetranscriptionsconvertedto featurelabels.Theselabelsdo

not reflecttheactualfeatureboundariesbut ratherthehypothesizedboundariesderivedfrom the

phonelabelboundaries.Thus,featureboundariesnecessarilycoincidewith phoneboundaries,

which of courseneednot be the casein reality. It is possiblethat the mannernetwork, for

instance,classifiesastronglynasalizedvowelasnasal;however, thiswouldbeconsideredwrong

if thephone-level transcriptioncontainedavowel at thatpositionin thetranscription.Webelieve

that the accuracy ratesobtainedusingthis idealizeddatagive a goodapproximateimpression

of theperformanceof thefeaturenetworks;however, it shouldbebornein mind thatthe“true”

accuracy ratesmaydeviatefrom these.

Thedatashown in Figures3.1 to 3.5 reveal the relative context-dependenceof individual fea-

tures.In general,featureaccuracy ratesincreasewith thenumberof framesin thecontext win-

dow; however, notall featuresbenefitfrom alargercontext to thesamedegree.Dif ferentfeatures

exhibit peakaccuracy ratesat differentcontext sizes.

Thefollowing observationsareof importance:º Most of the informationaboutarticulatoryfeaturesprovidedby theacousticinput seems

to becontainedwithin a window of five frames,beyondwhich little increasein accuracy

canbe observed.This roughly correspondsto the averagelengthof oneto two phones.

However, thefact that in somecasestheaccuracy ratesdo increaseup to a context of 17

framessuggeststhat the acousticcorrelatesof the articulatorycategorieswe usecanbe
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Figure3.2:Accuracy ratesfor mannerfeatures.
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Figure3.4:Accuracy ratesfor front-backfeatures.
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Figure3.5:Accuracy ratesfor roundingfeatures.



44 3 Small Vocabulary Recognition Using Articulatory Information: A Pilot Study

spreadover timespansof thesizeof asyllable.

� The accuracy ratesfor a small set of featuresincreaseconsiderablyeven beyond five

frames.This set includesprimarily the mannerfeaturefricative and the placefeatures

labial, dental, glottal andvelar. Thereareseveralexplanationsfor this:first, thedatacon-

sistsof telephone-bandwidthspeechwhichexcludesfrequenciesabove3400Hz.Fricative

consonants,however, arecharacterizedby high-frequency energy above 3400Hz; thus,

mostof thelocal informationwhichmaypoint to thepresenceof a fricativeconsonanthas

beenfilteredout, sothatinformationin thesurroundingcontext becomesmoreimportant

for the identificationof thesesounds.Including thetemporalcontext beyondfive frames

alsohasa positive effect on the accuracy ratesof consonantalplacefeatureswhich are

known from thephoneticliteratureto beheavily context-dependent,i.e. velar andglottal

sounds,which arestronglyinfluencedby surroundingvowels[30].

In orderto ascertainwhetherthecontext effectscanindeedbeattributedto thewidercontext and

not to a larger numberof hiddenparameters,featurerecognitionexperimentswereconducted

wherethenumberof parameterswasincreasedbyusingmoreunitsin thehiddenlayer. However,

therelative improvementswerenotassubstantialasthoseinducedby a largertemporalcontext.

Oneimportantconclusionto bedrawn from this is thatin orderto reachoptimaldetectionaccu-

racy, articulatoryfeaturerecognitionrequiresasmallertemporalcontext thanphonerecognition,

which typically performsbestwith context-dependentphonesintegratinginformationoverase-

quenceof at leastthreephones.This shouldprove beneficialfor an articulatory-featurebased

acousticmodelingapproachsincethefeaturerepresentationcanbeextractedfrom theacoustic

signalusingsmall,constrainedclassifierswith asmallnumberof freeparameters.

3.2.2 Feature-Phone Mapping

Oneof thegoalsof thispilot studyis to find outwhichadvantages,if any, thearticulatoryfeature

representationhasoverstandardacousticrepresentationswhennootherchangesaremadeto the

recognitionsystem.For this reason,thehigher-level representation,i.e. the choiceof subword

unitsandthedefinitionof therecognitionlexicon,needto bethesameasin theacousticbaseline

systems.The subword units in thesesystemsare context-independentphones– we therefore

needto find awayof mappingarticulatoryfeatureprobabilitiesto phoneprobabilities.

Asdescribedabove,thearticulatoryfeatureprobabilitiescanthemselvesbetreatedasdatawhich

is passedto ahigher-level classifier. Underthisapproach,eachof thelower-level classifierspar-

titionstheinputacousticfeaturespacein adifferentwayandcomputestheposteriorprobabilities
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for adifferentsetof classes.Thesecondclassifieroperatesonthejointly presentedprobabilities

for theseclassesandmapsthemto thefinal setof outputclasses.

Thisapproachseemssimilar to theso-called“mixture of experts”(ME) architecture[63], where

theoutputof asetof individually trainedexpertnetworksis combinedby agatingnetwork(see

Figure3.6).However, thereareimportantdifferenceswith respectto theprobabilisticinterpre-

tation of thesearchitectures.In the ME modeleachexpert network � , �����! #"$"%"$ '& produces

an output (*) . The gatingnetwork determines& suitablemixing coefficients +-,. #"$"%"$ /+10 for the

expertoutputs,wherethe �325476 mixing coefficient maybeinterpretedastheprobability that the� 2 476 expertnetwork is ableto predictthedesiredoutput ( . Theoverall output ( is thendefined

as

(8� 09)':;, +*)<(*) (3.9)

In theME model,thegatingnetwork hasaccessto theexperts’outputsaswell asto theinput = .

It usuallyconsistsof a singlelayerof neuronswith a singlesigmoidalactivationfunction.The

individualexpertnetworks,by contrast,aresimplelinearfilters.

In our casethe final output is not a mixture of the individual networks’ outputssinceevery

network in thefirst layerlearnsadifferentsetof classes.Furthermore,thehigher-level classifier

doesnot have accessto the featureinput and doesnot estimatemixture weightsbut instead

estimatestheposteriorprobabilitiesof thephonesgivenanarticulatoryfeaturevector.

Insteadof usingthecontinuousoutputfrom eachnetwork in thefirst layer, it maybesufficient
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Combining

Technique WER INS DEL SUB

winner-take-all 13.7% 3.6% 8.2% 2.0%

full distribution 8.8% 1.4% 5.4% 2.0%

Table3.3:Word error rates obtainedusing different feature-phonemapping procedures:a

winner-take-allmethodvs.usingthefull outputdistribution.

to useonly the information about the winning output unit in eachnetwork (winner-take-all

network). In this casetheoutputprobabilitiesfrom eachnetwork aremappedto either0 or 1.

Bothpossibilitieswereinvestigatedfor thepurposeof mappingarticulatoryfeatureprobabilities

to phoneprobabilities.The winner-take-all network used400 hiddenunits and nine context

frames,themergerMLP appliedto thenon-quantizedoutputdistribution had380hiddenunits

andalsouseda 9-framecontext window. Both networks employed the setof phonesin Table

A.4 in theAppendixasfinal outputclasses– however, many of thesephonesdonotoccurin the

trainingor testset.Thesetof phoneclassesfor whichweightsareactuallyupdatedis markedby> in TableA.4. All mergerMLPsweretrainedusingtheembeddedtrainingproceduredescribed

earlier.

Theresultsareshown in Table3.3.Nor surprisingly, usingthefull outputprobabilitydistribution

yieldeda significantlybetterresult thanthe winner-take-all approach.The cascadedclassifier

approachusingthefull outputdistributionsof the lower-level classifierswasthereforeusedfor

all furtherexperimentsreportedin this chapter.

The useof a context window enablesthe higher-level classifierto learn,within certainlimits,

thestatisticalregularitiesof thetemporalevolutionandpatternsof co-occurrenceof articulatory

featureprobabilities.This mayberegardedasa data-drivenway of forming (abstract)general-

izationsabouttheshapesandoverlapsof articulatorygesturetrajectoriesdescribedin Chapter2.

Thus,temporaloverlapsbetweenarticulatorymovements(asrepresentedby high probabilities

for thecorrespondingfeatures)arenotmodeledexplicitly but areacquiredby thephonenetwork

in thecourseof thetrainingprocess.

At this point we shouldreview our initial hypothesisthat a decompositionalclassificationap-

proachbasedon articulatoryfeaturesleadsto high featurerecognitionaccuracy andtherefore

to a higherphonerecognitionaccuracy thananacoustics-onlyphoneclassifier. Table3.4shows

theframe-level featurerecognitionaccuracy ratesfor differentacousticconditions,aswell asthe

frame-level phonerecognitionratesobtainedby boththeacoustic(AC) phoneclassifierandthe

classifierwhich combinesthearticulatoryfeaturesscores(AF). Eachblock of two rows shows

the frame-level recognitionaccuracy (upperrow) and,for the reverberantandnoisy testcases,
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Network clean reverb noise30dB noise20 dB noise10 dB noise0 dB

voicing 89.12% 79.78% 81.62% 78.38% 73.49% 68.68%?
-11% -8% -12% -17% -22%

manner 82.00% 67.10% 71.60% 67.27% 60.96% 54.01%?
-18% -13% -18% -26% -34%

place 77.24% 60.96% 67.19% 63.38% 57.28% 48.72%?
-21% -13% -18% -26% -37%

front-back 82.99% 71.02% 75.55% 72.58% 67.78% 61.08%?
-14% -9% -13% -18% -27%

rounding 83.19% 70.89% 76.62% 73.58% 68.80% 62.34%?
-15% -8% -12% -17% -25%

phoneAC 77.05% 58.80% 62.70% 57.70% 49.33% 38.78%?
-24% -18% -25% -36% -50%

phoneAF 75.23% 64.80% 68.32% 64.05% 56.40% 46.20%?
-14% -9% -15% -25% -39%

Table3.4:Frame-level featureandphonerecognitionrates.AF = articulatoryfeaturebasedclas-

sifier, AC = acousticclassifier.

thedeclinein accuracy relativeto thecleantestcondition(lowerrow). Wecanseethattherecog-

nition accuracy differsamongthedifferentfeaturenetworks,whichmayberelated,inter alia, to

theirdifferentcomplexitiesin termsof thenumberof outputclasses.Voicing features(3 classes)

areeasiestto recognizewhereasplacefeatures(10classes)seemto presentthemostdifficulties.

Thedegreeto whichfeatureaccuracy declinesunderadverseconditionsalsoseemsto berelated

to this property, with voicing featuresdeclining the least,followed by rounding,front-back,

manner, andplacefeatures.Theassumptionthatall individual featurenetworksshouldhave a

higher recognitionaccuracy than the acousticphoneclassifierturnsout to be correctfor this

particularclassificationtask.Thecombinationof thefeaturedetectorsleadsto ahigheraccuracy

in thephoneclassifierin reverberantandnoisyspeech,but not in cleanspeech.Thereasonsfor

thismightbethatthesimplephoneclassifieralreadyperformsverywell in cleanspeechandthat

theerrorsof theindividualAF classifiersmaybetoocorrelatedandthuspreventthehigher-level

articulatoryclassifierfrom makinga moreaccuratedecisionthantheacousticclassifier. Addi-

tional factorswhich contribute to thebeneficialeffect of thecascadedclassificationschemein

noiseandreverberationmightbethefollowing:

� the useof context information at lower levels: in the AF model, not only the higher-

level mergingclassifierbut alsothelower-level classifiersthemselvesmakeuseof context

information,whichmight haveaparticularlyrobusteffect in highly noisyconditions.
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� emphasisongrossspectralpatternsratherthanabsolutefrequency: thearticulatoryclassi-

fiersaretrainedto abstractawayfrom absolutefrequenciesandto learntheoverallrelative

propertiesof thetime-frequency energy distribution instead.

� the additive effect of noisewithin the acousticphoneclassifier:variousdisturbancesof

the spectrummay have a cumulative effect on the classificationresult of the acoustic

phoneclassifier, whereasthey may have morelocalizedeffectson the articulatoryclas-

sifiers,which canthenbe weightedselectively by the higher-level classifier. This effect

might evenbemorepronouncedif the higher-level classifierweretrainedor adaptedon

noisy/reverberantspeechaswell.

In sum,our initial hypothesisaboutthebenefitsof thecascadedclassificationschemehasbeen

by andlargeconfirmed.Beforepresentingwordrecognitionresultsobtainedby theacousticand

articulatorysystems,let usaddresstheissueof optimizingthearticulatoryfeaturespace.

3.2.3 Feature Optimization

The articulatoryfeaturespacehas28 dimensions– the AF systemthusrequiresmoreparam-

eters(network weights)thanthecorrespondingacousticbaselinesystems,which arebasedon

15-dimensionaland 18-dimensionalfeaturespaces,respectively. In order to ensurethe com-

parability of the differentsystems,the articulatoryfeaturespacehadto be reducedto a lower

dimensionality. Furthermore,heuristicallyselectedfeaturesetsare rarely optimal andshould

generallybe improvedin a data-drivenway. It wasthereforenecessaryto find a way of reduc-

ing thedimensionalityof thearticulatoryfeaturesetwhile simultaneouslyimproving thequality

of the featureswith respectto phoneclassification.Two differentmethodswere investigated,

PrincipleComponentsAnalysis(PCA)andaninformation-theoreticfeatureselectionalgorithm

[74].

PCAperformsa lineartransformation

@ �BADC�=FEHGJI (3.10)

on the input featurespace,wherex is the K -dimensionalinput featurevectorandz is the L -

dimensionaloutputfeaturevector, LNMOK . The LQPRK matrix A is a matrix whoserows consist

of the eigenvectorsof the samplecovariancematrix of =S,. #"$"%"$ /=JT , and G is the samplemean

vector. This transformationhastheeffectof changingtheoriginalcoordinatebasisof thefeature

spaceto a differentcoordinatebasis,with the resultthat thevariancesof the individual vector

componentsare renderedmaximally different (asmeasuredby entropy). The original feature

spacecanthusbeprojectedontoa subspacedefinedby the L largesteigenvalues.Theamount
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# principal % variance

components covered WER

5 85.9 11.6%

7 91.7 10.4%

9 95.3 9.6%

11 96.9 9.4%

13 97.8 9.8%

15 98.6 9.8%

17 99.2 9.8%

18 99.4 9.8%

Table3.5:Word errorratesobtainedwith avariablenumberof principalcomponents.

of variancecoveredby the L principalcomponentsis thesumof thefirst L eigenvaluesdivided

by the total sum of eigenvalues.PCA appliedto the articulatoryfeaturespaceyields an 18-

dimensionalfeaturespacedefinedby thefirst 18 principal components,covering99.4%of the

varianceof theoriginal featurespace.Thesewereusedto train thephoneMLP usingthesame

numberof context framesandHUs andthesametrainingprocedureasbefore.Table3.5shows

theword recognitionresultsfor differentnumbersof principalcomponents.

Theadvantageof PCA is that it is purely feature-driven, i.e. no informationaboutclasslabels

or modelsis required.However, two drawbacksof this methodbecameobvious:first, PCA in-

teractednegatively with the embeddedtraining procedure,which resultedin a slight increase

in word error rate.WhenPCA wascombinedwith a simpletrainingprocedure,identicalword

error rateswereachieved with a smallernumberof parameters.However, the combinationof

PCAandembeddedtrainingcausedanincreasein worderrorratefrom 8.8%to 9.4%.Although

this increaseis statisticallynon-significantit would bedesirableto employ a featureoptimiza-

tion methodwhich doesnot counteractthe beneficialeffect of improving the matchbetween

theacousticsignalandthetrainingtranscriptionthroughembeddedtraining.Furthermore,PCA

involvesanadditionalmatrixmultiplicationfor eachfeaturevector. It wouldbemoreefficient to

simplyspecifywhichfeaturesarerequiredandwhichcanbedroppedfrom thefeaturerepresen-

tationbeforeproceedingto thehigherrecognitionlevels.Finally, thefeaturespacegeneratedby

PCA is not transparentin thesensethat individual featuredimensionsareno longerassociated

with anarticulatoryinterpretation.

For thesereasonsanotherreductionmethodwasinvestigated,viz. aninformation-theoreticfea-

tureselectionalgorithm[74]. This is a supervisedalgorithmwhich selectsfeaturesbothon the

basisof their relationsto theclassset U andon thebasisof thestatisticaldependenciesamong
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thefeaturesthemselves.

Let V be our initial featuresetof size K , which we would like to projectonto a featureset W
of size L , L MNK . For any assignmentof featurevalues X�� CZY[,. \Y^]# #"$"%"$ \Y^_!I to the featuresV � CZ`a,' '`b]# <"%"$"% c`STdI thereexists a conditionalprobability distribution of the classset Ue�f#g ,\ g ]# #"$"$"% g )^h given the assignmentVi�jX , k�CZUml Vn�oXpI . Similarly, for the reducedfeature

set W , wehaveanassignmentof featurevaluesWq�rX�s andaconditionalprobabilitydistributionk�CZUmltWu�vX�s1I . The overall goal then is to selectthe set W is sucha way that the difference

betweenk�CZUml Wj��XZs!I and kwCxUml V ��X^I is assmall aspossible.Selectionis carriedout by

backward elimination, i.e. by iteratively discardingonefeaturèJy from theoriginal featuresetV until the desirednumberof features,L , hasbeenreached.At eachiteration we obtain a

smallerfeatureset Wz��V{E f `|y}h ; at theendof eachiteration,theset W replacesthecurrentsetV . Thefeaturè|y whichis eliminatedis chosensuchthatthedistancebetweenkwCxUmltW~��X�s1I andk�CZUml V��{X^I remainsassmallaspossible.Thedistancebetweentheseconditionalprobability

distributions is measuredby relative entropy (or Kullback-Leibler(KL) distance).Let GaC g�� I
standfor k�C g�� l V��rX^I and ��C g�� I for k�C g�� ltWq�rX�s!I . TheKL-distancebetweenG and � , ��C�G�l�l �JI
is thendefinedas

�RCxG�l%l �JI�� )9� :;, GaC g�� I G�C
g�� I��C g�� I (3.11)

Notethat this is not a symmetricdistancemeasure,i.e. ��CxG�l�l ��I�����RCx��l%l GJI . Thedistribution G
is in this caseconsideredthe“correct” distributionandthedeviationof � with respectto G is to

beminimized.

If the relative frequenciesof different featurevalue assignmentsare taken into account,the

distancemeasureis refinedto

��� � 9c� kwC�V���XpI7��CxkwCxUml V��OX^I^l%ltk�CZUmltW~��X�s1I7I (3.12)

wheref is a particularassignmentof featuresto theset V and X�s is a featureassignmentto setW . At eachiterationof backwardfeatureelimination,
���

shouldincreaseaslittle aspossible.

It is easyto seethatthecomputationaleffort in computing
���

increasesexponentiallywith the

numberof featuresin V : asthenumberof featuresincreases,thenumberof possiblejoint feature

assignmentsis multipliedexponentially. Thisproblemcanbealleviatedby consideringonly the

most importantstatisticaldependenciesamongthe features.Both featuresandclassescanbe

consideredrandomvariables.In a domainwhich is characterizedby a sizableset of random

variablesit is often the casethat somevariablesare conditionally dependentwhereasothers

areconditionally independentof eachothergiven a third setof variables.Koller andSahami

([74]:283)defineconditionalindependenceasfollows:
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Two setsof variables[A andB - K.K.] are said to beconditionallyindependent

givensomesetof variablesX if, for any assignmentof valuesa, b, and x to the

variablesA, B, andX respectively, k���Cx�o���Sl ���B=� '������I = k�� CZ�u���Sl ���= . Thatis, B givesusno informationaboutA beyondwhatis alreadyin X.

Presumably, thefeatureswhoseeliminationincreases
���

aslittle aspossiblearethosefeatures

which provide little informationabout U in additionto theinformationalreadysuppliedby the

featurescontainedin W . Therefore,at eachiterationof the featureselectionalgorithmthe task

is to find that feature `Jy which is conditionally independentof U given W¡�oVoE f `|yZh . This

can be doneby finding the Markov Blanket of the feature `|y which is being consideredfor

elimination.Theconceptof a Markov Blanket stemsfrom thetheoryof probabilisticreasoning

[98] anddenotesa subset¢ of theentiresetof variables£ in a givendomainsuchthatgiven¢ , thevariable¤ is conditionallyindependentof all variablesin thedomainotherthan ¤ and ¥ ,

i.e. £BEq¢¦E¦¤ . In thepresentcontext thedefinitionof aMarkov Blanket is asfollows:

Definition 1 Let § be someset of features which doesnot contain `Jy . We say that § is

a Markov blanket for `|y if `|y is conditionally independentof C�V�¨©UªIDE�§ E f `|yZh given§ .([74]:283, notationalsymbolsadapted- K.K.)

The featureeliminationstrategy canthenbe reducedto consideringcandidatesetsof features

whichmight constituteaMarkov blanket «¬y for a givenfeaturè|y andto eliminatethatfeature

for which «y is closestto beinga Markov blanket. The Markov Blanket propertyis evaluated

usingthe expectedKL-distancebetweenthe conditionalprobability distribution of the classesU givenboth «¬y and `|y andthedistribution of theclassesgivenonly «y . Theoverall distance®¯�
is a sumover all possibleassignmentof featurevaluesto «y and `Jy , weightedby theprior

probabilitiesof thefeaturevalueassignments:

®<� CZ`Jy/lt«y�Ia� 9°²±S³x´ � µ kwCZ«y;��X}¶ ³  '`Jy��rX¸·%I7��CxkwCxUml¹«y��OX}¶ ³  '`|y���X}·�Ipl�ltk�CZUmlt«y;�rX�¶ ³ I/I
(3.13)

whereX}¶ ³ is aparticularassignmentof featurevaluesto «y . Thecloser«y is to beingaMarkov

Blanket for `Jy thecloserthis quantityis to zero.Thefinal point which needsto beexplainedis

how thecandidatefeaturesetsfor aMarkov Blanketareselectedin thefirst place.If afeatureset

is indeedaMarkov Blanket for anotherfeature,all thesefeaturescanbeexpectedto bestrongly

correlated.Thus,the correlationsbetweenfeaturesin V canbe computedand,for any given

feature,the � featureswith which it is moststronglycorrelatedconstitutea candidatesetfor a

Markov Blanket. In [74], correlationis measuredby thepair-wiserelative entropy º-y � between
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theconditionaldistributionsover theclassesgiventwo features̀Jy or ` � , respectively:

º-y � � 9� µ ´ � » ��CxkwCxUmlt`Jy;�BY^y� '` � �¼Y � I^l%ltk�CZUmlt` � �BY � I7I (3.14)

This leadsto thefollowing algorithmfor obtainasubsetof L featuresfrom theset V :

Inf ormation-Theoretic FeatureSelection

1: computeº3yt½ for all `Jy} '`;½¿¾ÀV� cÁª��ÃÂ
2: set W = V
3: while thedimensionof W is largerthan L do

4: for all `Jy|¾�W do

5: set «y to thesetof Ä featuresin WE f `|y}h with thesmallestº-y¹½
6: compute

®<� Cx`|y/lt«y�I
7: end for

8: find thefeaturè|y with minimal
®<�

andset W~Å¼W¬E f `|y�h
9: endwhile

This procedurehasthe effect of eliminating thosefeatureswhich areeither irrelevant for the

classificationtaskathandor whoseinformationis alreadysubsumedby theotherfeaturesin the

featureset.

In applyingthis algorithmto selectinga subsetof articulatoryfeatures,theprobabilitiesin the

above equationswereapproximatedby histograms.Both featurevaluesandclassprobabilities

werequantizedinto 10equalbinscoveringtherange[0,1] andtherelativefrequenciesof feature

valuesand/orclassprobabilities,which wereusedin approximationof trueprobabilities,were

summedoverall bins.

The applicationof this algorithm with the objective of eliminating 10 articulatory features

yieldedbetterresultsthanPCA: the maximumincreasein word error ratewas0.1%, for the

final setof 18 features.Table3.6shows thefeatureswhich wereeliminated.

What is the interpretationof thesefeaturesbeingeliminated?First, it shouldbenotedthatone

featurein eachfeaturegroupis redundantbecauseits valuecanalwaysbe predictedfrom the

sumof all othervaluesin thefeaturegroup– rememberthattheoutputsof thefeaturenetworks

areposteriorprobabilitieswhich sumto one.Thus,it is not surprisingthatall silencevaluesare

eliminated.As far asthe featuresdentalandapproximantareconcerned,it is very likely that

they arenot relevant for classifyingthe majority of phoneclasses.Thesefeaturesoccurvery
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Feature group featureseliminated

voicing +voice,-voice,silence

manner approximant,silence

place dental,silence

front-back nil, silence

rounding silence

Table3.6:Featureseliminatedby information-theoreticfeatureselection.

infrequentlyandareonly relevant for thephones/th,dh,r,w,y/, of which only /th,r/, and/w/ ap-

pearin therecognitionlexicon.Theinformationprovidedby thevoicing featuresis presumably

subsumedby otherfeaturesin theset,suchasthedistribution of vocalic featureslike +round,

-round, front, etc.

It turnsout thatoneadvantageof this featureselectionmethodis thefactthatit is now possible

to eliminateoneentire featurenetwork, the voicing network, in advance,i.e. beforegenerat-

ing the input datato thehigher-level classifier. The featureswhich werenot eliminatedcanbe

usedwithout any additionaltransformation.The PCA transformation,by contrast,requiresall

inputdimensionsto begeneratedbeforeapplyingthereductiontransformationin theform of an

additionalmatrix multiplication.Moreover, the information-theoreticfeatureselectionprocess

preservesthephoneticinterpretationof theindividual featurevectorcomponent,which maybe

importantfor higher-level analyses.

3.3 Recognition Results and Error Anal ysis

For the purposeof word recognitionwe againtestedthe effect of a variabletemporalcontext,

aswell asdifferentnumbersof hiddenunits.The resultsareshown in Tables3.7 and3.8. We

observe thata wider context leadsto a reductionin word error rate.Here,thebeneficialeffect

of includingtemporalcontext doesnot dropoff at 9 framesbut continuesup to 15 frames.The

word error raterisesasthe context is extendedto 17 frames;however, this may be dueto the

growing numberof parametersin relationto thelimited amountof trainingdata.

Thesedatasuggestthatthetemporalmisalignmentamongdifferentfeaturesin relationto phone-

sizedunits is morepronouncedthanthetemporalextensionof theacousticcorrelatesof articu-

latory features.Misalignmenteffectsseemto spreadacrosstemporalunitsof syllabicsize.

Table3.9showstheworderrorratesobtainedunderthedifferentacoustictestconditions.Statis-

tically significantdifferencesbetweentheacousticandarticulatorysystemsareshown in bold-

face.As canbeseenfrom theresults,theperformanceof theacousticbaselinesystemsandthe
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# context frames WER

1 10.1%

3 9.8%

5 9.4%

7 8.9%

9 8.9%

11 9.1%

13 8.7%

15 7.9%

17 8.8%

Table3.7:Word errorrateoncleanspeechin relationto thecontext sizein thephonenetwork.

# hidden units WER

465 9.3%

535 9.3%

600 8.9%

660 8.9%

Table3.8:WorderrorrateonNumbers95cleantestsetin relationto thenumberof hiddenunits

in thephonenetwork.

System WER INS SUB DEL

AC clean 8.4% 2.0% 4.7% 1.7%

AF clean 8.9% 1.5% 5.4% 2.0%

AC reverberant 24.7% 1.7% 16.5% 6.4%

AF reverberant 23.7% 3.1% 16.0% 4.7%

AC, noise30dB 17.2% 2.4% 11.6% 3.3%

AF, noise30dB 17.4% 2.4% 11.6% 3.4%

AC, noise20dB 22.8% 3.3% 14.8% 4.8%

AF, noise20dB 21.7% 4.3% 13.9% 3.6%

AC, noise10dB 32.7% 5.1% 20.3% 7.3%

AF, noise10dB 30.0% 6.1% 18.3% 5.7%

AC, noise0 dB 50.2% 8.3% 29.7% 12.2%

AF, noise0 dB 43.6% 7.1% 26.3% 10.2%

Table3.9:Word error rates,insertions,deletions,and substitutionsof the acoustic(AC) and

articulatory(AF) recognizers,for clean,reverberantandnoisyspeech.
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articulatorysystemis fairly similar undercleanandreverberantconditions.In noisyconditions,

theacousticsystemperformsbetteratahighSNR(30dB) but deterioratesastheSNRdecreases.

Thedifferencebetweentheword error ratesat 0 dB, 50.8%for theacousticsystemvs. 43.6%

for thearticulatorysystem,is highly significant.

Word errorratesaloneprovide little informationaboutthestrengthandweaknessesof a recog-

nition system.Althoughtheoverallworderrorratesfor theacousticandthearticulatorysystems

are comparable,the systemsmay exhibit different propertieswhich are not revealedby this

measure.It is thereforeappropriateto additionallyanalyzefurthersystemoutputs,suchasthe

frame-level error rates,phoneconfusionmatrices,word-level error patterns,etc. Quantitative

andqualitative analysesof the performanceof the individual systemsandthe differencesbe-

tweentheacousticandarticulatorysystemswerecarriedout bothat the framelevel andat the

word level. A frame-level analysisis identicalto analyzingtheperformanceof theMLP phone

classifier, whereasaword-level analysistakesinto accountthedecodingprocess.As mentioned

above, all systemsusedthe samelexicon, languagemodel anddecoder. Thus,differencesin

performancemainly derive from differencesamongthephoneMLPs.

Wecomputedtheframe-level errorrate(Table3.10),aswell astheaverageentropy of thephone

outputdistributionfor correctlyandincorrectlyclassifiedframes,respectively (Table3.11).The

simpleframe-level errorpercentageis obtainedby

ÆpÇ1Ç�È # framescorrect
# total frames É ÆpÇ1Ç Ê5Ç (3.15)

A sampleis countedascorrectwhen,at a given frame,the index of the outputunit with the

maximumactivationvaluecorrespondsto theclasslabel for that frame.This measurein effect

mapsthenetwork activationsto either1 or 0 andonly considerstheharddecisionresultingfrom

this quantization.It might, however, be useful to take into accountthe continuousactivation

valuesin orderto assesshow confidentthe network is of its decision.This confidencecanbe

measuredby entropy. Theentropy of a randomvariableË takingon Á differentvaluesis defined

as ÌHÍ ËmÎaÅ ÈÐÏÑÒ Ó;Ô3Õ�Öp×
Í²Ø Ò Î Ø Ò (3.16)

In our case,Ë rangesover the outputvaluesof the MLP at a given frame.Theseoutputac-

tivationscan be equatedwith posteriorphoneprobabilities.A sharplypeaked (low-entropy)

activation distribution of, say, 0.1-0.8-0.1(for a three-outputunit network) indicatesa greater

certaintyof decisionthana “flatter”, high-entropy distribution of e.g.0.4-0.6-0.4.Low entropy

is preferablewhenthe decisionfor a particularclassis correctbut is lessdesirablewhenthe

decisionis wrong– ideally, we would like theclassifierto be confidentabouta right decision

andlessconfidentabouta wrong decision.Eachof the framesin the testsetcanbe classified
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System Frame Err or Rate

AC, clean 22.95%

AF, clean 24.77%

AC, reverberant 35.40%

AF, reverberant 36.10%

AC, noise30 dB 37.27%

AF, noise30 dB 31.68%

AC, noise20 dB 42.82%

AF, noise20 dB 35.95%

AC, noise10 dB 50.68%

AF, noise10 dB 43.60%

AC, noise0 dB 61.23%

AF, noise0 dB 53.80%

Table3.10:Frameerror ratesfor acoustic(AC) and articulatory(AF) recognizers,for clean,

reverberant,andnoisyspeech.

System entropy entropy entropy

“corr ect” “incorr ect” ratio

AC, clean 0.49 2.78 0.18

AF, clean 0.22 1.32 0.16

AC, reverberant 0.50 1.00 0.50

AF, reverberant 0.36 1.55 0.23

AC, noise30 dB 0.46 1.78 0.27

AF, noise30 dB 0.37 1.67 0.22

AC, noise20 dB 0.50 1.70 0.29

AF, noise20 dB 0.41 1.68 0.24

AC, noise10 dB 0.55 1.61 0.34

AF, noise10 dB 0.46 1.61 0.28

AC, noise0 dB 0.60 1.49 0.39

AF, noise0 dB 0.51 1.51 0.34

Table3.11:Averageentropy valuesfor correctly/incorrectlyclassifiedframes.
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aseithercorrector incorrectbasedon the networks’ classdecisions.The averageentropy can

thenbe computedfor eachof thesesetsyielding

ÌHÍ ËÙÚÎ (for the “correct” set)and

ÌzÍ Ë Ò Î for

the“incorrect” set.Theentropyratio,

ÌHÍ ËÙÚÎ/Û ÌHÍ Ë Ò Î definesasuitableadditionalmeasureof the

qualityof frame-level decisions– thesmallertheentropy ratio, themoreconfidentthesystemis

aboutits correctdecisionandthelessconfidentit is aboutits wrongdecisions.

Theacousticsystemproducesa lower frame-level error ratefor cleanspeech.TheAF system,

by contrast,yields markedly lower error ratesfor reverberantandnoisy speech.All of these

differencesarestatisticallysignificantandcorrespondto thedifferencesin word errorrate.The

entropy valuesrevealthattheAF systemexhibitsa lowerentropy throughout,i.e. it is generally

morecertainof its decisions,for bothcorrectlyandincorrectlyclassifiedframesandunderall

testconditions.Theentropy of thedistributionsproducedby theacousticsystems,by contrast,

is globally higher. The statisticalsignificanceof the differencesin the averageentropy values

betweenthe two systemswas determinedby a difference-of-meanst-test. It was found that

thedifferencesweresignificantat the0.0001level. Theentropy ratiosalsoreveala noticeable

differencebetweentheacousticandarticulatorysystems:thearticulatorysystemshowssmaller

entropy ratios acrossall test conditions,Moreover, the distanceto the entropy ratios for the

acousticsystemincreasesasthesignal-to-noiseratiodrops.Thissuggeststhatthequalityof the

decisionsof thearticulatorysystemsis superiorto thatof the acousticsystems,particularlyat

highernoiselevels.

As a quantitativemeasureof thedifferencesbetweentheacousticandthearticulatorysystems,

wecomputedthecorrelationbetweenthenetworksoutputsandtheensemblevariance. Thefirst

of theseis expressedasPearson’sproductmomentcorrelationcoefficient,definedas

Ü Å Ý
Ò Í�Þ Ò ÈHß�à Î Íxá Ò ÈHß;â Îã Ý

Ò Í�Þ Ò Èzß�à Îåä ã Ý
Ò Í�á Ò ÈHß�â ÎÚä (3.17)

where

Þ
and

á
arethevaluesof two randomvariablesæ and Ë and

ß�à
and

ß�â
arethe means

of the distributionsof thesevalues,respectively. A correlationcoefficient closeto 1 indicates

positive correlation,-1 indicatesnegative correlationanda correlationcoefficient of 0 means

thatthevariablesareuncorrelated.In this casethevariablesæ and Ë rangeover theoutputsof

thetwo phoneMLPs.

Ensemblevarianceis a measurewhich is commonlyusedin themachinelearningcommunity

(e.g.[75]) in orderto describetheamountof disagreementbetweendifferent(neuralnetwork)

classifierswhich arepartof a pool or ensembleof classifiers.Let usassumethat theensemble

containsç differentnetworks,all of which computea function from an input

Þ
to an output

×
Í�Þ Î . If theinput to network Á is denotedas

Þ Ò
andoutputfor network Á is written as ×

Ò Í�Þ Ò Î , the

ensembleoutput ×
Í�Þ Ô'è Ê%Ê$Ê è Þ Ï Î canbedefinedas
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Testcondition total per-frame correlation

variance average coefficient

clean 12119.64 0.05 .77

reverb 17241.44 0.07 .62

noise,30 dB 15957.28 0.07 .63

noise,20 dB 18442.53 0.08 .56

noise,10 dB 22443.53 0.10 .47

noise,0 dB 25120.75 0.11 .36

Table3.12:Ensemblevariance(totalandper-frameaverage)andcorrelationfor pairsof acoustic

andarticulatorynetworksunderdifferentacoustictestconditions.

×
Í�Þ Ô.è Ê$Ê%Ê Þ Ï Î�Å ÏÑ Ò Ó;Ô-é

Ò
×
Ò Í�Þ Ò Î (3.18)

i.e.astheweightedsumof all individualoutputs.Theambiguity(or variance)of the Áxêìë7í member

of theensembleis themeansquarederrorbetweenthe Á ê ë7í member’s outputandtheensemble

output: î Ò Í�Þ Ò ÎïÅrðòñ Í ×
Ò Í�Þ Ò Î È ×

Í�Þ Ô\è Ê%Ê$Ê è Þ Ï Î/Î ä/ó (3.19)

Theexpectationof thevariancesis takenover a setof samples,in this casethesamplesin the

testset.Theensembleambiguity

î
is theweightedsumof theindividualvariances:

î Í�Þ Ô.è Ê%Ê$Ê è Þ Ï Î�Å ÏÑÒ Ó;Ô é
Ò î Ò Í�Þ Ò Î (3.20)

The ensembleambiguitydescribesthe weightedvarianceof the ensemblewith respectto the

weightedmean.Thelargerthisquantity, themorethenetworksdisagree.Theensembleambigu-

ity wascomputedfor thesix differentpairsof acousticandarticulatorynetworkscorresponding

to thedifferentacoustictestconditions.Theindividualnetwork’svarianceswerecomputedover

all samplesin the testset, i.e. at eachsampleandfor eachoutputunit, the weightedmeanof

thecorrespondingoutputsin thetwo differentMLPsandthedeviationof eachindividualoutput

from this meanweredetermined.Finally, the weightedsumof thesevarianceswascomputed

andaveragedoverall outputunits,to arriveat anoverall scalarvariancevalue,i.e.î Í�Þ Ô.è Ê$Ê$Ê è Þ Ï Î�Å
Æô õÑö Ó;Ô ÏÑÒ Ó;Ô é

Ò ö î Ò ö Í�Þ Ò Î (3.21)

where
ô

is the dimensionalityof the networks’ output layers.Uniform weights(i.e. 0.5,0.5)

wereusedthroughout.Theresultsareshown in Table3.12.
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Test both AC correct AC incorrect both same diff

condition correct AF incorrect AF correct incorrect errors errors

clean 67.56 9.50 7.67 15.27 61.92 38.08

reverb 53.46 12.17 11.39 22.98 52.69 47.31

noise,30dB 54.54 8.19 13.78 23.49 57.89 42.11

noise,20dB 48.81 8.90 14.23 27.05 51.69 48.31

noise,10dB 39.88 9.45 16.60 34.06 42.38 57.62

noise,0 dB 34.52 11.68 14.80 38.99 36.68 63.32

Table3.13:Percentagesof frame-level errordistribution for variousacoustictestconditions.

We canseethat the correlationbetweenthe classifiers’outputsis fairly high in cleancondi-

tions but dropsrapidly in reverberantandnoisy conditions.Similarly, the ensemblevariance

increasesunderacousticallydistortedconditions,suggestingthat the acousticandarticulatory

networksincreasinglydisagreeon their classificationtaskwhenthesignalis corruptedby noise

or reverberation.

As anotherway of quantifyingthe inter-classifierdifferences,the numberof differentvs. the

numberof identicalerrorswascounted.Table3.13lists, for eachtestcondition,thepercentage

of frameson which both theacousticandthe articulatoryMLP agree,thepercentageof cases

whereoneMLP wascorrectandtheotherwasincorrect,thepercentageof simultaneouserrors,

and,within thelattercategory, theamountof differentvs. identicalerrors.Theseerrorpercent-

agesshow that thenumberof frameswhich areclassifiedcorrectlyby theacousticsystemand

incorrectlyby thearticulatorysystemis higherundercleanconditions;however, this relationis

reversedundermismatchedconditions,wherethearticulatorysystemachievesa higherpropor-

tion of correctclassificationsthantheacousticsystem.Furthermore,thepercentageof different

errorsrisescomparedto thepercentageof identicalerrorsundernoiseconditions.

It is notsurprisingthattheclassifiersincreasinglydisagreein thepresenceof noise.Thequestion

we needto askis whetherthereis a distinctqualitative patternunderlyingthedisagreement.It

mightbeassumed,for instance,thatthearticulatorysystemsproduceconfusionswhicharemore

interpretablein phoneticor articulatoryterms.In orderto determinethequalitative differences

betweentheacousticandarticulatorysystems,theframe-level phoneconfusionmatricesof each

systemwereanalyzed.Figures3.7 to 3.9 show plots of the diagonalsof the phoneconfusion

matrices,indicatingto which degreeeachsystemis ableto correctlyclassifythevariousphone

classes.Thereis nogeneralpatternof errorswhichshowssimilarstrengthsor weaknessesof one

systemvs. theotheracrossall differentacousticconditions.Thephoneaccuracy ratesfor clean

speechseemto indicatea slight tendency of the articulatorysystemto betterclassifyconso-

nants,especiallystopsandfricatives,thantheacousticsystem,whichperformsbetteratvowels.



60 3 Small Vocabulary Recognition Using Articulatory Information: A Pilot Study

0
÷10
ø20
ù30
ú40
û50
ü60
ý70
þ80
ÿ90
�100

fr
am

e-
le

ve
l a

cc
ur

ac
y 

(in
 %

)

t
�

dcl
�

kcl z th
�

n r hh iy eh� ay� ao� uw� ax�d
�

k tcl
�

s� f v l w hv ih ey� ah� ow� er� h#

phones

Figure3.7:Frame-level accuracy ratesfor phoneclasses(cleanspeech).Shadedboxesrepresent

thearticulatorysystem,blankboxesrepresenttheacousticsystem.

However, thisrelationseemsto bealmostreversedunderreverberantandnoisyconditions:here,

thearticulatorysystemsaremoreaccurateat classifyingvowelsthanconsonants.Additionally,

they identify silencemoreaccurately. Furtherinformationis providedby themostfrequentoff-

diagonalconfusionsamongthe phoneclasses.The mostfrequentlyconfusedphonepairsand

theconfusionratesareshown in Table3.14.Again, thedatado not warranta generalstatement

aboutthestrengthsandweaknessesof eachsystem.

At the word level, error differencepercentageswere computedanalogousto the frame-level

analysis.Basedon thealignmentwith thereferencetranscription,thecorrectlyandincorrectly

recognizedwordswereidentified.For eachpair of articulatoryandacousticrecognizersit was

determinedwhether

� bothrecognizerswerecorrect,

� recognizerA waswrongandrecognizerB wascorrect,

� recognizerB waswrongandrecognizerA wascorrect,

� bothrecognizerswerewrongandtheerrorswereidentical,

� bothrecognizerswerewrongandtheerrorsweredifferent.
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AF clean AC clean AF reverb AC reverb

phonepair % phonepair % phonepair % phonepair %

aoow 60.00 axah 54.50 z s 30.20 l n 20.10

k s 48.40 aoow 46.70 hh ow 25.00 hv ay 20.00

axah 47.30 aaay 40.80 k kcl 19.90 hv th 20.00

hv uw 40.00 d t 23.10 hh k 16.70 dcl tcl 18.90

hv ah 40.00 aaah 22.40 hh w 16.70 dcl v 17.10

dcl tcl 31.20 l ow 21.20 hh n 16.70 hv w 15.00

d iy 31.20 aor 20.20 er ay 15.40 d iy 13.80

dcl t 27.80 k s 18.60 hv th 14.80 z th 13.20

hhah 23.40 axn 18.20 ax v 13.70 l ow 12.90

l ow 20.20 hv hh 14.30 hv h# 13.10 hh hv 11.90

AF noise30 dB AC noise30dB AF noise20 dB AC noise20dB

phonepair % phonepair % phonepair % phonepair %

hhv 31.60 hv f 66.67 z s 25.50 hv f 40.00

hv hh 27.50 hv hh 33.33 k kcl 20.40 l n 22.82

dcl er 25.20 l n 21.64 dcl er 19.70 s h# 20.34

z s 24.90 z th 20.67 hv h# 19.00 hv hh 20.00

k kcl 19.60 l ow 17.54 l n 18.70 hv ay 20.00

l ow 18.40 hhn 15.07 hh tcl 17.60 hv ah 20.00

kcl ih 17.50 sh# 14.38 kcl ih 17.00 l ow 19.25

hhhv 15.80 hh f 13.70 l s 15.50 z th 18.63

axv 14.70 k kcl 13.37 sh# 15.10 hh n 18.18

t tcl 14.50 kcl ih 12.92 l ow 14.80 kcl ih 13.68

AF noise10 dB AC noise10dB AF noise0 dB AC noise0 dB

phonepair % phonepair % phonepair % phonepair %

hhh# 47.10 hv hh 60.00 hh h# 39.10 t h# 23.99

z s 24.70 sh# 22.20 er ay 26.20 hv w 23.08

k kcl 20.40 hv th 20.00 z s 23.30 hv tcl 23.08

l n 20.30 hv ay 20.00 hv h# 23.10 hv hh 23.08

eray 19.10 l n 19.39 hh kcl 21.70 s h# 21.36

sh# 18.60 t h# 18.87 t h# 21.40 hh h# 20.29

hv hh 18.60 hhn 17.15 sh# 19.30 uw h# 19.56

t h# 18.20 z th 16.46 hv hh 19.20 k h# 19.14

hh tcl 17.60 hhh# 16.32 k kcl 19.10 dcl n 16.72

hhv 17.60 k h# 16.27 uw h# 17.20 iy h# 16.24

Table3.14:Most frequentframe-level phone-pairconfusionsandconfusionrates(in %). AC =

acousticsystem,AF = articulatorysystem.
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Figure3.8:Frame-level accuracy ratesfor phoneclasses(reverberantspeech).Shadedboxes

representthearticulatorysystem,blankboxesrepresenttheacousticsystem.

Test both both AC only AF only same different

Condition correct wrong correct correct errors errors

clean 90.99 4.15 2.61 2.27 70.10 29.90

reverb 72.69 13.64 7.04 6.63 57.93 42.07

noise,30dB 79.78 9.57 5.39 5.26 67.44 32.66

noise,20dB 75.13 12.06 5.37 7.43 64.90 35.10

noise,10dB 65.10 16.58 7.34 10.98 56.23 43.77

noise,0 dB 49.65 27.71 8.51 14.06 51.66 48.34

Table3.15:Error percentages(word-level) for differentacousticconditions.AC = acousticsys-

tem,AF = articulatorysystem

Theresultsareshown in Table3.15.

Similar to the frame-level error analysis,we againobserve that the numberof differenterrors

increasesasthesignalquality deteriorates,indicatingthatthearticulatoryandacousticsystems

focuson differentinformationundertheseconditions.

To concludethis error analysis,Table3.16 show the ten most frequentword-level confusions

pairsfor eachsystem.Again, thereis no distinct error patternto be observed for eitherclean,
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AF clean AC clean AF reverb AC reverb

#inst words #inst words #inst words #inst words

35 5 ins6 oh 28 5 ins6 oh 41 eight 5 del6 60 eight 5 del6
20 oh 5 del6 16 oh 5 del6 35 5 ins6 oh 40 oh 5 del6
14 oh four 13 one 5 del6 33 oh 5 del6 37 5 ins6 oh

13 eight 5 del6 13 eight 5 del6 33 ninefive 33 nine 5 del6
23 5 ins6 eight 13 5 ins6 eight 32 nine 5 del6 30 two 5 del6
11 5 ins6 four 11 ninefive 28 5 ins6 two 24 eightthree

10 5 ins6 two 11 fifty sixty 27 onefour 22 fivenine

9 two 5 del6 9 5 ins6 one 27 oh four 21 oh zero

9 5 ins6 six 8 5 ins6 two 26 one 5 del6 21 eighteighty

9 5 ins6 one 7 threethirty 22 oh zero 20 one 5 del6
AF noise30dB AC noise30 dB AF noise20dB AC noise20 dB

45 ninefive 52 ninefive 73 5 ins6 two 59 ninefive

32 eight 5 del6 36 oh four 51 ninefive 52 oh four

32 5 ins6 two 33 eight 5 del6 34 oh four 40 oh 5 del6
28 oh four 29 oh 5 del6 31 eight 5 del6 38 eight 5 del6
26 oh 5 del6 27 5 ins6 oh 26 onefour 30 onefour

22 onefour 25 onefour 26 oh 5 del6 29 nine 5 del6
19 one 5 del6 19 nine 5 del6 26 5 ins6 four 28 5 ins6 two

19 oh zero 19 eightthree 24 one 5 del6 26 eightthree

19 5 ins6 oh 18 one 5 del6 20 oh zero 24 two 5 del6
15 nine 5 del6 16 5 ins6 two 20 5 ins6 oh 22 one 5 del6
AF noise,10 dB AC noise,10dB AF noise,0 dB AC noise,0 dB

103 5 ins6 two 63 oh four 122 5 ins6 two 101 5 ins6 three

53 ninefive 61 5 ins6 two 66 one 5 del6 94 5 ins6 two

38 one 5 del6 57 ninefive 65 oh 5 del6 79 one 5 del6
38 oh 5 del6 55 oh 5 del6 58 5 ins6 three 78 oh four

37 eight 5 del6 50 5 ins6 three 53 eightthree 75 oh 5 del6
36 oh four 48 one 5 del6 52 eight 5 del6 72 two 5 del6
35 5 ins6 three 47 eight 5 del6 51 ninefive 60 eight 5 del6
31 onefour 44 two 5 del6 48 oh four 56 nine 5 del6
30 eightthree 40 onefour 47 nine 5 del6 48 ninefive

30 5 ins6 four 40 eightthree 41 two 5 del6 46 onefour

Table3.16:List of tenmostfrequentword confusionpairs;AC = acousticsystem,AF = articu-

latory system.

reverberant,or noisyspeech.
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3.4 Combination Rules

In theprevioussectionit wasshown thatthedifferentrecognitionsystemsexhibit errorpatterns

whichdiffer bothquantitativelyandqualitatively. For thisreason,acombinationof bothsystems

might bebeneficialasonesystemmaycompensatefor theerrorsmadeby theothersystemand

vice versa.Speechrecognizersmay be combinedat variouslevels in the recognitionprocess:

at thefeaturelevel, theframelevel, theword level, or theutterancelevel. Feature-level combi-

nationinvolvesconcatenatingdifferentfeaturevectorsandtrainingthesystemon thecombined

vectors.A frame-level (or state-level) combinationproceduremergesthe frameor state-level

emissionprobabilitiescomputedby differentsystems.At the word andutterancelevel several

combinationstrategiesarepossible,suchastwo-level Viterbi decodingor N-bestlatticerescor-

ing. In this chapterwe concentrateon frame-level combination;furthercombinationstrategies

will bediscussedin thefollowing chapters.

At the frame-level, recognizercombinationreducesto combiningthe local classifiers.In the

currentcontext of hybrid recognitionsystemsthis involvescombiningtheoutputsfrom thedif-

ferentphoneMLPs. The topic of classifiercombinationin general,andthatof neuralnetwork

ensemblesin particular, hasreceivedmuchattentionin themachinelearningcommunity. When

dealingwith a complex patternrecognitiontask,suchasspeechrecognitionin variousacoustic

environments,it is often thecasethatno singleclassifiercanbedevelopedwhich cansatisfac-

torily solve the task.However, an ensembleof classifiersmaybecapableof achieving a more

robustperformance.Dif ferentclassifierstrainedon thesameinput but differing in structureor

with respectto initialization may develop differentstrengthsandweaknessesduring training.

Classifierswhich aretrainedusingdifferentinputsmayextractpartially different,or evencom-

plementary, information about the classesfrom their respective featurespaces.Furthermore,

usingasetof smallclassifiersandcombiningtheirdecisionsratherthantraininga largeholistic

classifiermay reducetraining anddevelopmenteffort andmay leadto betterconvergenceand

generalizationproperties.For thesereasons,classifiercombinationis oftenpreferredto complex

individualclassifiers.

Severalapproachesto classifiercombinationhave beenproposedin theliterature.In contrastto

theprevioussection,whereclassifiersfor differentsetsof outputclasseswerearrangedsequen-

tially, the focus is now on thoseapproacheswhich make useof parallelclassifierstrainedon

thesamesetof outputclasses.Possiblestrategiesfor handlingtheoutputfrom a setof parallel

classifiersincludeclassifierselection,voting, or classifiermerging, e.g.by mixture of experts

(seeabove) or by a linearcombinationof theclassprobabilities.Classifierselectionmeansthat

theoutputfrom oneclassifieris selectedasthecorrectoneamongall outputsfrom theclassifier

ensemble.Variousperformancemeasurescanbeusedto determinewhichclassifierto select.In
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[61], for instance,classifiersareselectedon thebasisof anestimateof their local accuracy. In

a speechrecognitionsystemvarioustypesof confidencevaluesmight beusedto determinethe

selectionof classifieroutputs.

The voting scheme(e.g. [46, 5, 7]) considersthe decisionsmadeby all classifiersandadopts

thatdecisiononwhichmostmembersof theensembleagree.Possibletiesarebrokenarbitrarily.

This methodis mostsuitablefor a largesetof classifiers.In our case,it is suboptimalbecause

only two classifiersareinvolvedandtoo many tie situationsmayarisewhich cannotalwaysbe

solvedin aprincipledway.

The classifier-merging approachtakes into accountthe probability distributionsof the differ-

ent classifiersinsteadof consideringonly theharddecisionsin termsof the resultingclassla-

bels.The outputdistributionsmaybe combinedby meansof linear combinationrules,or in a

non-linearway, e.g.by training anothernon-linearclassifieron the combinedoutputdistribu-

tions. Generallyspeaking,combinationby a non-linearclassifieryields betterresultsbecause

the higher-level classifiercanin principle approximatearbitrarymappingsbetweenthe output

probability distributionsof the individual classifiersandthe desiredoutputdistribution. How-

ever, this methodinvolvesanothertrainingphaseandintroducesadditionalcomplexity into the

overall system.Thiscanbeavoidedwhenusinglinearcombinationrules.A linearcombination

of classifieroutputscan in certaincasesbe shown to provide an improvementto the overall

classificationperformance.Thecaseof ensembleaveragingof regression-basedclassifiers,for

instance,whereoutputsarecombinedby aweightedsum,hasbeenshown (e.g.[75]) to provide

an improvementover the individual classifiers.Let ×
Ò Í�Þ Î denotethe outputof classifier Á and7 Í�Þ Î denotethetargetfunction.Theensembleoutput ×
Í�Þ Î is definedastheweightedsumof the

individualoutputs:

×
Í�Þ Î98 Ñ Ò é

Ò
×
Ò Í�Þ Î (3.22)

This is thesamedefinitionastheonein Equation3.18.Theapproximationerror(or bias) : Ò Í�Þ Î
of eachindividualclassifieris thesquareddifferencebetweentheoutputandthetargetfunction

: Ò Í�Þ Î98¼ðwñ Í ×
Ò Í�Þ Î È 7 Í�Þ Î/Î ä7ó (3.23)

wheretheexpectationis computedoverthetrainingsamples.Theensembleapproximationerror

is the expectedvalue of the squareddifferencebetweenthe ensembleoutput and the target

function ; Í�Þ Î98¼ðòñ Í 7 Í�Þ Î È ×
Í�Þ Î7Î ä/ó (3.24)

Thevarianceof eachclassifier, < Ò Í�Þ Î is definedasthesquareddifferencebetweenits outputand

theensembleoutput < Ò Í�Þ Î=8�ðòñ Í ×
Ò Í�Þ Î È ×

Í�Þ Î/Î ä ó (3.25)
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andtheensemblevarianceis theweightedsumof theindividualvariances

<
Í�Þ Î=8 Ñ Ò é

Ò < Ò Í�Þ Î (3.26)

Equation3.26canberewrittenas

<
Í�Þ Î=8 Ñ Ò é

Ò ðòñ Í ×
Ò Í�Þ Î È ×

Í�Þ Î/Î äcó (3.27)

Again, this is thedefinitionof ensemblevariancewhich alreadyencounteredin Equations3.19

and3.20.By addingandsubtracting
7 Í�Þ Î to thiswe obtain

<
Í�Þ Î=8 Ñ^Ò é

Ò : Ò Í�Þ Î È ; Í�Þ Î (3.28)

accordingto definitions3.23and3.24.

If Ý
Ò
é
Ò : Ò Í�Þ Î is denotedas :

Í�Þ Î theensembleapproximationerrorcanberedefinedas; Í�Þ Î=8 :
Í�Þ Î È < Í�Þ Î (3.29)

That is, theensembleapproximationerror is theweightedsumof theindividual approximation

errorsminustheensemblevariance,which is guaranteedto belower thantheweightedsumof

theindividualerrorsunlessthevarianceis zero.Thus,ensemblecombinationbenefitsfrom large

differencesamongtheoutputsof theindividualclassifiers.

This analysisgeneralizesto the caseof several different inputs

Þ Ô\è Ê%Ê$Ê è Þ Ï to the classifiers> Ô\è Ê$Ê%Ê è > Ï , sincethe target function
7 Í ? Î is the samefor all

Þ Ô.è Ê$Ê$Ê è Þ Ï . The optimal combina-

tion rule shouldbe thatwhich bothminimizesthefirst termon theright-handsideof equation

3.29andwhichmaximizestheensemblevariance.

A goodoverview of otherwidely usedlinear combinationrulesbesidesthe averagingrule is

presentedin [71]. Assumethatthereare ç differentclassifiers@A8 > Ô\è > ä è Ê$Ê%Ê > Ï , corresponding

to differentinput representationsæB8DCFE è CHG è Ê$Ê$Ê è CJI , eachof which is appliedto thetaskof dis-

tinguishingbetweenK outputclassesLM8ONQP Ô\è P ä è Ê$Ê$Ê è PFRTS . Eachclassifieryieldsa likelihoodØ U Í CWVYX P[Z<Î for apatternCWV givenclassP[Z in recognizer> U . Thejoint probabilityfor apatternto

occurin the ç differentrepresentationsgiven \ is

Ø|Í
CFE è Ê$Ê%Ê è CWI]X P[Z<Î (3.30)

It is oftencomputationallyinfeasibleto estimatethis joint probabilitydirectly; however, under

theassumptionthattheinput representationsto thedifferentclassifiersarestatisticallyindepen-

dentgiventheclasses,theaboverule canbeapproximatedbyØ|Í
CFE è Ê%Ê$Ê è CWI]X P[Z#Î98 Ï^U Ó;Ô

ØJÍ
CHVYX P[ZpÎ (3.31)
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The Bayesdecisionrule for the optimal classgiven a pattern Ë , K classesand ç different

classifiersis

Ë`_aPcb Á 7 d Í PcbeX C[E è Ê$Ê%Ê è CWIdÎ=8gfihkjZ d Í P[ZlX CFE è Ê$Ê$Ê è CJIdÎ (3.32)

where d Í P[ZmX CFE è Ê$Ê%Ê è CWIdÎn8
Ø|Í
CFE è Ê$Ê%Ê è CWIoX P[Z<Î d Í P[Z#ÎØJÍ

CFE è Ê$Ê$Ê è CJIdÎ (3.33)

andwhere
d Í PFZ<Î is thea priori probabilityof class\ . Substituting(3.31)in (3.33),weobtain

d Í P[ZlX CFE è Ê%Ê$Ê è CWIdÎ98 d Í P[Z#Îqp ÏU Ó;Ô Ø|Í CHVcX P[Z<Î
Ý RZ Ó;Ô d

Í
P[Z<Îqp ÏU Ó;Ô Ø|Í CHVYX PFZ<Î (3.34)

If this combinationrule is to beexpressedin termsof thea posteriori probabilitiesof thedif-

ferentclassifiers,we needto divide theproductby thea priori probabilities,assumingthatall

classeshaveequalprior probabilitiesin thedifferentinput representations.

d Í P[ZlX CFE è Ê$Ê%Ê è CWIdÎn8 Æd Í P[Z¯Î Ï9r Ô Ï^U Ó;Ô d
Í
P[ZlX CHV[Î (3.35)

Thus,theBayesdecisionrule becomes

Ë`_sPJb Á 7 Æd Í Pcb.Î Ïnr Ô Ï^U Ó;Ô d
Í
PcbtX CHV[În8ufvhwjZ

Æd Í P[Z#Î Ï9r Ô Ï^U Ó;Ô d
Í
P[ZmX CHV[Î (3.36)

Thedrawbackof this productrule is thattheoverall likelihoodof ahypothesisbecomeszeroif

oneclassifieroutputsana posterioriprobabilitycloseto zero.Theproductrule thusimplements

an“and” functionwhoseoutputis largeif andonly if bothinputsarelarge.

Themin rule selectsthatoutputwhich is smallest

d Í P[ZlX CFE è Ê%Ê$Ê è CWI În8 x Ázy U d
Í
P[ZlX CHV[Î

Ý RZ Ó;Ô x Á{y U d
Í
P[ZlX CHV!Î (3.37)

whereasthemaxrule selectsthelargestoutput:

d Í P[ZmX CFE è Ê$Ê%Ê è CWI�Î98 x}|
Þ U d Í PFZlX CWV[Î

Ý RZ Ó;Ô x}|
Þ U d Í P[ZmX CHV[Î (3.38)

Similar to theproductrule, themin rule implementsan“and” functionsincetheoutputis large

if andonly if bothof theinputsarelarge.Themaxrule andtheaveragingor sumrule discussed

above,however, have theeffectof an“or” function:if oneof theclassifiers’outputsis large,the

final outputwill belargeaswell.
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In variousclassificationexperiments,Kittler et al. [71] observedthatthesumrule providedthe

bestresults.Theauthorsexplainedthis by thegreaterrobustnessof thesumrule to estimation

errors.In thesumrule, theerrorsincurredby theindividual classifiers(where( ; Z U Î denotesthe

estimationerror for class \ in classifiery ,
Ç�~ ; Z U�� d Í P[ZlX CHV[Î ) aredampenedwhereasthey

areamplifiedby productrule combination.Eachterm in the productrule introducesthe error

factor Æ�� ÏÑU Ó;Ô
; Z Ud Í P[ZtX CHV-Î (3.39)

whereaseachtermin thesumrule is affectedby

Ý ÏU Ó;Ô ; Z UÝ ÏU Ó;Ô d
Í
P[ZQ� ���pÎ (3.40)

Basedon this finding we canmake predictionsaboutthe performanceof the different linear

probabilitycombinationrulesin thecurrentcontext. Due to thegreatererror robustnessof the

sumrule, a sumcombinationschememight prove moreadvantageousin acousticallydegraded

conditions,suchasreverberationandnoise.

In the context of speechrecognitionseveral studieshave investigatedlinear combinationsof

probabilitiesusingsomeform of productand/orsumrule. In [69] and[124] thelog-likelihoods

derivedfrom theposteriorprobabilitiesestimatedby differentMLPs (basedon differentfeature

inputsor representingdifferentsubwordunits)arecombinedby anunweightedsum.Halberstadt

& Glass[56] comparea weightedsumrule to a productrule to combinelikelihoodsobtained

from Gaussianmixtureclassifierson heterogeneousacousticmeasurements.Acrossa rangeof

differentexperiments,they found that theproductrule alwaysyieldedthebestresults.McMa-

honetal. [88] useaweightedsumof log-likelihoodsfor therecombinationof subbandfeatures.

In sum,successfullinearcombinationmethodswhich have previously beenreportedin speech

recognitionalways involve a productcombination,which either takes the form of a sum of

log-likelihoodsor a productof linear likelihoods.This is somewhatsurprisingconsideringthe

statisticalindependenceassumptionunderlyingtheproductruleandthesupposedlygreatersen-

sitivity to estimationerrorsin theindividualclassifiers.In thefollowing sectionwewill compare

theperformanceof thedifferentcombinationrulesin differentacousticconditions.

3.5 Combination Experiments and Results

For the presentpurposeof combiningthe outputsfrom the phoneMLPs of the acousticand

articulatorysystems,two differentapproacheswereused:(a) the linear combinationrulesde-

scribedabove,and(b) anon-linearclassifierin theform of anMLP whoseinputconsistedof the
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Testset AF AC sum product max min

clean 8.9% 8.4% 7.8% 7.3% 7.9% 7.8%

reverberant 23.7% 24.7 24.5% 21.1% 25.7% 21.7%

noise,30dB 17.4% 17.2% 17.4% 15.1% 18.2% 16.0%

noise,20dB 21.7% 22.8% 21.8% 18.8% 22.7% 19.7%

noise,10dB 30.0% 32.7% 31.0% 28.3% 32.7% 29.0%

noise,0 dB 43.6% 50.2% 48.3% 41.6% 49.6% 45.1%

Table3.17:Word error ratesobtainedby different linear combinationrules.Statisticallysig-

nificant differencescomparedto the betterof the AC/AF baselinesare shown in

boldface.

concatenatedoutputprobability distributionsof the phoneMLPs andwhoseoutput is another

probability distribution over the subword phoneclasses.The productrule usedasoneof the

linearcombinationrulesdifferedslightly from thedefinitiongivenabove: thederivationgiven

by [71] departsfrom thelikelihoods

Ø|Í
CHVcX P[Z<Î – in ourcase,however, westartfrom theposterior

probabilities

ØJÍ
P[ZmX CHV[Î estimatedby theMLPs,which arecombinedaccordingto

d Í P[ZlX CFE è Ê%Ê$Ê è CWI În8 p ÏU Ó;Ô d Í P[ZlX CHV!Î
Ý RZ Ó;Ô p ÏU Ó;Ô d

Í
PFZlX CWV[Î (3.41)

An initial experimentwasconductedon the cleantestset to evaluatethe performanceof the

linearvs. thenon-linearapproach.It wasfoundthat the lowestword error rateobtainedby the

MLP combinationmethodwas7.8%,which washigher than the bestresultobtainedusinga

linear combinationrule (7.3%obtainedby the productrule). A reasonfor the inferior perfor-

manceof thenon-linearcombinationmaybe the limited amountof trainingdatain relationto

the large numberof parameterswhich have to be estimated(due to the concatenationof the

56-dimensionalphoneprobabilityvectorsfrom bothsystems,theresultinginput spacehas112

dimensions).Combinationexperimentswerethenconductedonall acoustictestsets,usingonly

the linearcombinationrules.Table3.17shows theresultingword error rates.It is obviousthat

theproductrule consistentlyproducesthelowestworderrorrates,followedby themin rule, the

sumrule andthe max rule. At first sight, this resultcontradictsthe findingsby Kittler et al. :

accordingto our data,it is not the sumrule but the productrule which seemsto be the most

robust combinationrule, in cleanaswell as in noisy conditions.Note that this is in line with

thepreviouscombinationstudiesin thecontext of speechrecognitiondescribedabove.How can

thisapparentdiscrepancy beexplained?Theworderrorratesprovideanevaluationof theentire

recognitionsystem,which includesthedecodingprocess,whereaswe wish to evaluatetheper-

formanceof thelocal phoneclassifiersonly. We shouldthereforetake a look at theframe-level

recognizeroutputin orderto analyzethis problemin greaterdetail.Similar to theerroranalysis
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of the individual acousticandarticulatoryclassifiers,we computedthe frameerror ratesand

entropy ratios (of correctlyvs. incorrectlyclassifiedframes)of the combinedsystems.These

areshown in Table3.18.As we cansee,theframeerror ratesin thecombinedsystemarecon-

Testset sum prod

WER FER ER WER FER ER

clean 7.8% 22.06% 0.17 7.3% 21.49% 0.13

reverb 23.4% 31.09% 0.24 19.9% 30.46% 0.18

noise30 dB 17.1% 27.11% 0.21 15.0% 26.49% 0.18

noise20 dB 21.8% 31.66% 0.24 18.5% 31.08% 0.18

noise10 dB 31.0% 39.99% 0.30 28.3% 39.26% 0.22

noise0 dB 48.0% 51.46% 0.37 41.5% 50.75% 0.27

Testset min max

WER FER ER WER FER ER

clean 7.8% 21.54% 0.14 7.9% 22.55% 0.18

reverb 20.3% 30.79% 0.20 24.5% 31.57% 0.25

noise30 dB 15.8% 26.81% 0.18 17.8% 27.59% 0.23

noise20 dB 19.7% 31.55% 0.20 22.6% 32.17% 0.25

noise10 dB 29.0% 39.99% 0.24 32.1% 40.55% 0.31

noise0 dB 45.1% 51.35% 0.29 48.4% 52.07% 0.39

Table3.18:Word error (WER) andframeerror rates(FER) aswell asentropy ratios(ER) ob-

tainedusingdifferentlinearcombinationrules.

sistentlylower thantheframeerrorratesobtainedby theindividual classifiers(seeTable3.10).

Furthermore,frameerrorratesrevealthatthedifferencesin frame-level performanceof thecom-

binedclassifiersareonly very slight – thedifferencesin frameerror ratebetweenthesumrule

andtheproductrule,for instance,arein mostcasesnotsignificant.However, differentcombina-

tion ruleshaveaveryvariableimpacton theworderrorrate- whereassomerulesproduceword

error rateswhich arelower thanthoseof the individual system,othersincreasetheword error

ratesto theextentthatthey exceedthoseof thebaselinesystems!

A goodindicationof thereasonwhy this is thecaseis providedby theentropy ratios:theproduct

rule andthe min rule, which achieve the bestresultsat the word level, alsoexhibit the lowest

entropy ratios,whereasthe entropy ratios of the sumand the max rule are markedly higher.

Thisshowsthatthephoneoutputdistributionscreatedby thedifferentcombinationschemesare

discriminative to varying degrees.As explainedabove, the optimal behavior of a recognition

systemis characterizedby low-entropy probability distributionsfor correctclassificationsand

high-entropy probabilitydistributionsfor incorrectclassifications,suchthatcorrecthypotheses
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aremaximallydistinctfrom incorrecthypotheseswhenthesystemis right andthatseveral(cor-

rector incorrect)answersaremaximallysimilar whenthesystemis wrong.Theconsequences

for word-level decodingarethat,atagivenframe,acorrectlyrecognizedclasswill receivemost

of the probability masswhereasthe incorrectclasseswill have a very low probability andare

thuslikely to beprunedfrom thesearchbeam.If thehighest-scoringclassis actuallyincorrect

but it is closeto otherclassesin termsof its score,the correctclassmight bepreserved in the

searchbeamandmay contribute to finding the globally bestpath.Obviously, the productrule

andthe min rule combinationschemesfavor this situationwhereasthe othermethodsdo not.

It is importantto realizethat theperformanceof theoverall speechrecognizerdoesnot solely

dependon the accuracy of the frameor state-level classifier– the degreeof discriminability

betweendifferentclassesis at leastassignificantwith respectto higher-level search.Whende-

cidingbetweendifferentcombinationmethodsof state-levelprobabilitydistributionscareshould

thereforebetakento chooseacombinationmethodwhichmaximizesdiscriminability. It should

alsobepointedout, however, that thecorrelationbetweentheclassifiers’outputsplaysan im-

portantrole, too.If perfectlyuncorrelatedoutputswerecombinedusingtheproductor min rule,

they wouldcanceleachotherout.

3.6 Summar y and Discussion

In thischapterwedescribedthedevelopment(initial featureselection,featureclassification,and

featureoptimization)of an articulatoryfeaturebasedrecognitionsystemfor continuousnum-

bersrecognition.A comparisonof thebaselinerecognitionresultsobtainedby thearticulatory

systemandthoseachievedby a standardacoustics-onlyrecognizerrevealeda comparablelevel

of performancefor both systemson cleanandmoderatelynoisyspeech(30 dB SNR).Thear-

ticulatorysystemshowedasmall(althoughstatisticallynot significant)improvementcompared

to theacousticsystemon reverberantspeechandnoisyspeechat 20 dB SNR.Statisticallysig-

nificantimprovementswereobtainedby thearticulatorysystemon noisyspeechat low (10 and

0 dB SNR) signal-to-noiseratios.The singlelargestimprovementrelative to the performance

of theacousticsystemwasa 13.1%decreasein word errorrate.A detailederroranalysisat the

frameandat the word level showed that the outputsof both systemsdiffer both quantitatively

andqualitatively, i.e. errorsaremadewith respectto differentclasses.The differenterror pat-

terns,however, did not lend themselvesto any phonetically-basedinterpretation.Furthermore,

thetypesof errorsbecameincreasinglydifferentwith decreasingsignal-to-noiseratio.

A comparisonof several classifiercombinationschemesappliedto the outputsof the phone

MLPs in the different systemsshowed that performancecan further be improved by simple

linearcombinationsof theposteriorphoneprobabilities.Of thefour differentcombinationrules
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whichwereinvestigated,theproductruleyieldedthebestresults:acrossall acousticconditions,

the improvementswere statisticallysignificant.The largest individual improvementobtained

by integratingarticulatoryinformationwasa 17.3%relative decreasein word error ratein the

pink noise0 dB SNRtestcasecomparedto theperformanceof theacoustics-onlysystem.The

superiorperformanceof the productrule could be explainedby its effect on the entropy of

the resultingoutputdistribution: contraryto “or” functionruleslike thesumandmaxrule, the

productrule andthe min rule – which implement“and” functions” – decreasethe ratio of the

entropy of thephonedistributionof thecorrectframesto thoseof theincorrectframesandthus

leadto betterdiscriminabilityof classesat higher-levelsin thedecodingprocess.

This preliminarystudyraisesa numberof furtherquestions.First, therecognitiontaskusedfor

theexperimentsreportedin this sectionis relatively limited. Sincethe Numbers95vocabulary

is very small, only a limited amountof phoneticvariability is coveredby the data.Although

thesepreliminaryresultsarepromising,thepotentialof thearticulatoryfeaturebasedapproach

shouldbetestedon largerrecognitiontask.Second,further testson noisydata,includingmore

realistictypesof noise,shouldbeperformedin orderto verify thesuperiorperformanceof the

AF systemin noise.

The classifiercombinationschemespresentedin this sectionare capableof achieving a sig-

nificant reductionin word error rate – however, even greaterimprovementsmight be gained

whenthesystemsarecombinedat higherlevels,suchastheword or utterancelevel. Typically,

recognitionhypothesesat higher levels aremorerobust becauseevidencefrom wider tempo-

ral contexts is available.Therefore,higher-level combinationmethodssuchas N-best lattice

rescoringshouldbeinvestigated.Furthermore,it hasbeenshown thatthemostsuccessfulcom-

binationschemesenhancetheability of thesystemto discriminatebetweenincorrectandcorrect

hypotheses.Therefore,anotherpromisingcombinationstrategy mightbeto useaweightedcom-

binationrule, e.g.a weightedproductrule, wherethe weightsareoptimizedwith respectto a

discriminativecriterion,suchastheMaximumA Posterioriprobability(MAP) of theutterance

or theMinimum ClassificationError (MCE) [4, 66,24].
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Chapter 4

Ar ticulator y Features for Large

Vocab ular y Conversational Speech

Recognition

In this chapterweextendthepilot studydescribedin thepreviouschapterto a large-vocabulary

conversationalspeechrecognitiontask.Wewill compareandanalyzetheperformanceof acous-

tic andarticulatorybaselinesystemson this taskandinvestigatetechniquesfor combiningthe

two systems.In addition to combinationat the statelevel, we will investigatepossibilitiesof

feature-level andword-level systemcombination.

4.1 Corpus and Baseline System

4.1.1 Corpus

The corpususedfor the experimentsreportedin this chapteris the GermanVerbmobilcorpus

[73], which is acollectionof spontaneousdialogueswithin thedomainof appointmentschedul-

ing. A typical turnexchangein this corpusis exemplifiedby thefollowing extract:

Speaker1: ja FrauGehrmann5 Atmen6 wir haben5 Pause6 wiederumeinArbeitstreffenzuvereinbaren5 Atmen6 ich schlageeinfachmalvor vomzehntenbisvierzehntenOktober 5 Pause6 in Berlin wie sieht

es 5 undeutlich6 aus 5 Pause6
Speaker 2: 5 Schmatzen6 5 Atmen6 ganzschlecht 5 Pause6 da bin ich leider schon 5 Pause6 unter-

wegsbei mir gingeeserstabdreizehntenOktober 5 Ger̈ausch6
Approximate translation:

Speaker 1: yes Ms. Gehrmann 5 breathe6 we need to 5 silence6 schedulea work meetingagain
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5 breathe6 I would suggestOctoberthe tenthto Octoberthe fourteenth5 silence6 in Berlin how does

that 5 incomprehensible6 look

Speaker 2: 5 smack6 5 breathe6 very bad 5 silence6 I’ve alreadyplannedto be 5 silence6 away thenI

canonly make it afterOctoberthethirteenth5 noise6
The data(studio-qualityspeechsampledat 16 kHz) wasrecordedat four different locations,

viz. at theUniversitiesof Kiel, Bonn,KarlsruheandMunich, usingdifferentmicrophonesand

recordingenvironments.The training setusedfor the presentexperimentscomprisesapproxi-

mately30hrs,thetestset(theofficial 1996Verbmobilevaluationtask)consistsof 343utterances

(45 minutes).Thenumberof speakersin thetotal setis 749.Sincethecorpusconsistsof spon-

taneousutterancesit containsnumeroushesitations,fillers, falsestarts,andotherdisfluencies,

aswell asnoiseslike laughter, coughingand lip smacks.In additionto this, the testsetcon-

tainsout-of-vocabulary (OOV) words,in particularpropernamesandspellingsequences.The

recognitionlexiconconsistsof 5333entries.Thebigramperplexity is 64.2.It is obviousthatthis

task is significantlymorecomplex thanthe numbersrecognitiontaskusedfor the pilot study

describedin thepreviouschapter.

4.1.2 Recognition System

The recognitionsystemwhich wasusedfor the Verbmobilexperimentsis the ESMERALDA

(Environment for Statistical Model Estimation and Recognitionon Arbitrary L inear Data

Arrays)system,which is a vectorquantization(VQ) basedHMM recognitionsystem[43]. The

coreof theacousticmodelingcomponentin this systemis a VQ codebookwith a pre-specified

numberof classeseachof which is representedby aGaussianpdf

� Í
Cn� ß è�� ÎF8 Æã Í{�w� Î U X � X ; rn���� � rl�Q������� � � � rl�Q� (4.1)

where
ß

is themeanand � is thecovarianceof thepdf; y is thedimensionalityof the feature

space.HMM stateemissionprobabilities(i.e. the likelihoods

Ø|Í
CY��X � Ò Î of anobservationvectorCc� given a HMM state � Ò ) arecomputedby a weightedsum(or mixture) of the � codebook

pdfs: Ø|Í
Cc�wX � Ò În8 �Ñ� Ó;Ô > �

Ò � Í
Cc��� ß � è�� � Î (4.2)

where
ßW ¢¡

and � � Ò arethe meanandcovariance,respectively, of the x êìë7í Gaussianmixture

componentof thecodebookand > � Ò is the mixture weight of state � Ò for that component.The

mixtureweightsareassociatedwith theindividualHMM states,whereasthecodebookpdfsare

sharedby all states.
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The codebookis estimatedusing a variant of the Linde-Buzo-Gray(LBG) algorithm [84],

whichproceedsasfollows:

LBG-BasedVector Quantization

1: initialize thecodebookby assigningfeaturevectorsto classes,eitherbasedonanexternally

providedlabelingor by cyclically assigningthe y ê5ë7í featurevectorto theN modn’th class.

2: deleteclasseswith fewer than x featurevectors(where x is somepercentageof the total

numberof featurevectors)

3: computeinitial statistics(meansandcovariances)for all classes

4: while thenumberof classesis smallerthan @ (thedesirednumberof classes)do

5: classifythe featurevectorsby assigningthemto the nearestclass,usingsomedistance

measure.In thepresentsystem,thedistanceis computedby evaluatingtheGaussianpdf.

6: updatemeansandcovariances.

7: deleteclasseswith fewer than x featurevectors.

8: if the global distance(theaveragedistanceof featurevectorsto their classmeans)falls

below thepreviousglobaldistanceby apre-specifiedpercentage\ then

9: split thoseclasseswhoseaveragedistance(of featurevectorsto themean)is above a

threshold£ . Themeansandcovariancesof theold classesarecopiedover to thenew

classes;thecovariancesareadditionallyperturbedby smallconstantsderivedfrom the

covariancesof theold classes.

10: end if

11: endwhile

After thecodebookhasbeentrained,HMM stateemissionprobabilitiesaretrainedby updating

theweightsfor thesharedpdf’s in thecodebook.Moreprecisely, HMM trainingconsistsof

¤ initializationof HMM states,followedby onepassof Baum-Welchre-estimation,

¤ clusteringof HMM states,

¤ severaliterationsof embeddedBaum-Welchreestimationof statemixtureweights,possi-

bly coupledwith anupdateof thecodebook.

Initializationof (context-independent)HMMs is performedby usinganexternallyspecifiedtime

alignmentof phone-basedtranscriptionsandthespeechdatafiles. In afirst step,durationstatis-

tics arecomputedfor eachphonemodel.Eithersingle-stateor multi-stateHMMs arethencre-

atedfor eachphone.Unlessthe systemis forced to createonly singlestatesfor eachmodel,
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thenumberof statesin eachmodelis determinedautomaticallybasedon theminimumduration

of themodel.More specifically, thenumberof states¥ is ¦}§¨¥ª©z«c¬t¯®�°±¥�² , where ¦ is a user-

specifiedscalingfactorand ¥ª©z«J¬t³®�°±¥�² is theminimumdurationof model ¥ . Stateswithin the

samemodelcanbe identical(hard-tied)or independent.Themodelsthuscreatedarethenini-

tializedby uniformly assigningtheframesbelongingto eachmodelinstance(asdeterminedby

theexternalalignment)to themodelstatesandcomputingtheinitial stateparametersasfollows:

Thestate-dependentweightsfor all codebookclasses(mixturecomponents)aredeterminedby

´Tµ{¶¨· ¸¹ µ
ºq»¼½Q¾Y¿�À °ÂÁHÃYÄ Å ¶ ² (4.3)

where ´Tµ{¶ is theweightfor stateÆ of classÇ , ¹ µ is thenumberof trainingsamplesassignedto

stateÆ , and À °ÈÁHÃcÄ Å ¶ ² is the likelihoodof the «YÉËÊÍÌ observationassignedto stateÆ givenclassÇ .
Statetransitionprobabilitiesareupdatedby

ÎeÏÑÐT· ¹ ÏÑÐ¹ Ï (4.4)

where ÎtÏÒÐ is the transitionprobability from state © to stateÂ , ¹ ÏÑÐ is the numberof transitions

from state© to stateÂ and
¹ Ï is thetotal numberof transitionsoutof state© .

In all subsequenttrainingpasses,re-estimationof themodelparametersis thencarriedout us-

ing theBaum-Welchalgorithm[6]. Additionally, thethemeansandvariancesof thecodebook

classescanbeupdatedduringtraining.

After the first training iteration, context-dependentphonesare createdusing the reference

transcriptionsandtriphone-basedworddefinitions.First,anew stateis createdfor eachtriphone

whosecountexceedsaminimumnumberof trainingsamples.Triphonestatesarealiasedto their

correspondingbasephonestates;e.g.,b/I/t would be aliasedto /I/. A bottom-upagglomerative

clusteringalgorithmis thenappliedto the resultingstatespacein orderto reducethe number

of free parameters.This algorithmiteratively mergesstatesinto clustersuntil a (user-defined)

minimum numberof training samplesis presentin eachcluster. The detailsof this procedure

(basedon [78]) areasfollows:

HMM StateClustering

1: for eachsetof triphonesaliasedto thesamebasephonedo

2: if thealiasgrouphasenoughtrainingsamples( Óo§ ¹ , where
¹

is theminimumcluster

size)then

3: createaseparateclusterfor eachstate

4: for eachclusterdo

5: while theminimumclustersizeis smallerthan
¹

do
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6: mergethe two clusters© and Â with thesmallestdistanceÔÕ°±©×Ö}ÂØ² which have not

yetbeenmerged

7: createanew clusterfor themergedpair

8: endwhile

9: end for

10: createnew statedefinitionsfor all resultingclusters

11: end if

12: end for

ThedistanceÔ�°Â©×Ö¸Âm² betweenclusters© and Â is definedas

Ô�°Â©×Ö¸Âm² · ¹ ÏÑÐ�Ù °±©ÍÖ¸Âm²[Ú ¹ ÏÛÙ °±©Ü²FÚ ¹ Ð�Ù °%Âm² (4.5)

where Ù °Â©Ý² is theentropy of cluster © , Ù °%Âm² is theentropy of clusterÂ , and Ù °±©×Ö}ÂØ² is the joint

entropy of thetwo clusters.Theterms
¹ Ï , ¹ Ð , and

¹ ÏÑÐ arethenumberof samplesin theclusters© , Â , andthein clusterresultingfrom pooling © and Â , respectively. Equation4.5 is essentiallyan

approximationto thenegativeof themutualinformation Þc°Èßáàãâä²
Þc°Èßáàãâå² ·æÙ °Âßç²Jè Ù °±âé²FÚ Ù °ÈßÕÖãâä² (4.6)

Theclusterentropiesareadditionallyweightedby theclustersize.Thealgorithmthusmerges

thoseclusterswhichhavethehighestmutualinformation,i.e. thosewhicharehighly predictable

fromeachother. Theclusterentropiesarecomputedasaveragesof theentropiesof theindividual

statesassignedto a cluster. Theentropy for stateê Ï , Ù °±ê Ï ² , is definedas

Ù °±ê Ï ² · ë¼ìF¾Y¿ ´¢Ï ì�íÂî�ï ´¢Ï ì (4.7)

where ð is thenumberof mixturecomponentsin thecodebookand ´¢Ï ì is theweightof stateê Ï for the ¥ É ÊÍÌ mixturecomponent.Thus,stateentropy is computedfrom thestateweightsonly.

Lexical decodingproceedsincrementally, basedon a time-synchronousbeam-searchalgorithm

anda tree-structuredrecognitionlexicon.In contrastto conventionaltree-baseddecodingwhere

copiesof the recognitiontree are madeat the end of eachword, tree copiesare madeon a

temporalbasis,indexedby theirstartingtimes.Thisrestrictsthenumberof copieswhichneedto

bemadeandleadsto greaterefficiency. Sincethis decodermakesuseof anincremental,frame-

to-frameprocessingstrategy theadvantagesof amulti-passsearch(i.e.useof successively more

refinedandmorecomplex languagemodels)cannotbeexploited.Theincrementaldecoderhas

theadvantageof fastprocessing(5x realtime)but theworderrorratesaretypically alittle higher

thanthoseobtainedby multi-passdecodingstrategies.Thelanguagemodelwhich wasusedfor

theexperimentsreportedin this chapteris abackoff bigrammodel[72].
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Features Values

voicing +voice,-voice,sil

manner stop,vowel, lateral,nasal,fricative,sil

labial,coronal,palatal,velar
place glottal,high,mid, low, sil

front-back front, back,nil, sil

rounding +round,-round,nil, sil

Table4.1:Articulatory featuresfor German.

4.1.3 Acoustic Baseline System

The acousticbaselinesystemuses12 MFCC coefficients,oneenergy coefficient, andthe first

andsecondderivativesof these.Thetotal numberof featuresthusis 39. In orderto compensate

for thedifferentrecordingconditionsasimplechanneladaptationis performedby cepstralmean

subtraction.Theacousticcodebookcontains256classes,eachof which is modeledby a mean

vector and a full covariancematrix. The modelsare linear left-to-right modelswithout skip

transitions.The numberof HMM statesproducedby the clusteringmethoddescribedabove

is 2883,usinga clusteringthresholdof 75 samplesper cluster. The codebookwas iteratively

updatedduringtraining.

4.2 Ar ticulator y System

As before,the articulatorysystemusesa setof parallelMLPs to extract articulatoryfeatures

from the preprocessedspeechsignal.The set of featuresthat were employed for the present

task is shown in Table 4.1. The featuresare largely similar to thoseusedfor AmericanEn-

glish in Chapter2; somefeatures,suchasdentalandretroflex arenot includedsincethey are

not relevant for thedefinition of Germanphones.Otherfeatures,suchaspalatal, wereadded.

Thetotal numberof featurevaluesis 26.Thefeaturetranscriptionswerederivedfrom theauto-

maticphone-basedlabelingproducedtheUniversityof Munich (cf. Section2.1.1).This system

incorporatesphoneticpronunciationrulesandis reportedto achieve anagreementwith human

labelersof approximately90%[121]. Thephone-featureconversiontableis givenin TableA.5 in

theAppendix.Basedon theNumbers95experimentsandsomepreliminaryfeaturerecognition

experimentson thepresentcorpus,thenumberof hiddenunitswassetto 100andthenumberof

context frameswasfixedat nineframes.A setof 10 000utteranceswasusedfor featuretrain-

ing, 1000utteranceswereusedfor cross-validation.The frame-level featureaccuracy rateson

thetestsetaregivenin Table4.2.Thefeatureprobabilitiesweresubsequentlyconcatenatedand
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Network Accuracy

voicing 87.39%

manner 81.49%

place 69.65%

front-back 81.37%

rounding 83.25%

Table4.2:Featureaccuracy rateson Verbmobil96 testset.

usedasdatafor codebooktrainingasdescribedabove.

It wasfoundthatsomedifficultieswerecreatedby theformof theoutputdistributionof theartic-

ulatoryfeaturenetworks:thefinal outputfunctionin theMLPsis thesoftmaxfunction(Equation

3.7),which constrainstheoutputvaluesto lie within therange[0,1] andto sumto 1. It thusis

frequentlythe casethat one output value is closeto 1 whereasall othersare closeto 0. For

this reason,theresultingoutputdistributionhasastronglybimodalcharacter, resemblingthatof

a binary variable.This distribution is not well matchedby the Gaussianmodelingassumption

underlyingthe designof the codebook.Therefore,the final non-linearactivation function was

omittedin theMLPs whengeneratingtheinput datafor thesecond-level classifier, andthepre-

softmaxvalueswereusedinstead.Thisdoesnothaveaneffecton theclassificationdecisionsof

thefeaturenetworks– thesoftmaxoutputfunctionis a monotonicfunctionaffectingall feature

dimensions.Its removal doesnot changetherankingof theoutputclasses.Theresultingvalues

may be interpretedas featuresin hiddenspace(the spaceof the MLP weights).Their distri-

bution, thoughnot beingstrictly Gaussian,is bell-shapedandthereforematchesthe modeling

assumptionsbetterthanthebimodaldistributionof theprobabilitiesusedpreviously.

The classlabelsusedfor training the codebookwere identical to thosewhich were usedfor

trainingtheacousticbaselinesystem.After testingvariouscodebookdesignchoices,thenumber

of classeswasfixedat 384,usingfull covariancematrices.HMM stateswereinitializedusinga

state-level alignmentproducedby anotherMFCC-basedsystemtrainedon theVerbmobildata.

Thestateclusteringstepin theHMM trainingprocedureyielded3359states,usinga clustering

thresholdof 75.Thecodebookwasupdatedat eachiterationof Baum-Welchre-estimation.

4.3 Recognition Results and Error Anal ysis

Table4.3 shows theword error rateson theVerbmobiltestsetobtainedby theMFCC andthe

AF systems.Theword errorrateof theMFCC systemis lower thanthatof theAF systemby a

total of 1.44%.Thisdifferenceis statisticallysignificant.
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System WER SUB DEL INS

MFCC 29.03% 19.16% 8.32% 1.83%

AF 30.47% 19.31% 9.03% 2.13%

Table4.3:Word error rates,substitutions,deletionsandinsertionson the cleanVerbmobil test

setobtainedby thebaselineMFCC andAF systems.

As before,we arenot (only) interestedin the word error ratesobtainedby the differentsys-

temsbut in differencesat a qualitative level, which requiresa moredetailederroranalysis.As

mentionedabove, the Verbmobilrecognitiontaskis muchmorecomplex thanthe Numbers95

recognitiontaskwhichwasthebasisof theexperimentsdescribedin Chapter3. Not only arewe

dealingwith numerousspontaneousspeechphenomenasuchasdisfluencies,strongcoarticula-

tion, etc.,thesystemalsohasamuchlargervocabulary, which,comparedto asmall-vocabulary

task,introducesfurther error sources,suchassearcherrorsdueto pruning.For this reasonit

did not seemadequateto limit the error analysisto a comparisonof frame-level and word-

level errorrates.We thereforedecidedto applya methodwhich wasbettersuitedto evaluating

a large-vocabulary recognitionsystem.One suchmethodwas developedby Chase[21]. Her

methodof categorizing speechrecognizers’errorsis basedon comparingthe time alignment,

languagemodel scoresandacousticscoresof eachword in (a) the recognitionoutput of the

systemto beevaluated,and(b) in theforcedalignmentof thetestsettranscriptionandthetest

data,usingthesamesystem.For eachword in thetwo differentoutputs,thetimealignment,the

languagemodelscoreandthe acousticscorearerecorded.Moving from left to right through

eachutterance,theseoutputsare then comparedin order to identify so-callederror regions.

Whena non-matchingsegment,i.e. differentwordsor wordswith a differenttime alignment1

is detected,thebeginningof anerror region hasbeenidentified.Theerror region continuesup

to thenext matchingsegment.Within eacherrorregion,the(normalized)acousticandlanguage

modelscoresareaddedup to yield a combinedscore.Error regionscanthenbe classifiedde-

pendingon how thecombinedscoresof the recognitionoutput(HYP) compareto thoseof the

forcedalignmentoutput(REF).Therearesix possiblecategories,asshown in Table4.4. If the

combinedscoreof theREFsystemis betterthanthatof theHYP system,theerror region will

beclassifiedinto oneof thecellsin theleft-handcolumn.More precisely, it will beplaced

¤ into cell REF-1if theHYP languagemodel(LM) scoreis betterthantheREF language

modelscoreandtheREFacoustic(AC) scoreis betterthantheHYP acousticscore,

¤ into cell REF-2if theREFlanguagemodelscoreis betterthantheHYP languagemodel

scoreandtheREFacousticscoreis worsethantheHYP acousticscore,andñ
allowing for asmallframetoleranceof 2 or 3 frames.



4.3 Recognition Results and Error Analysis 83

REFtotal better HYP total better

REFAC dominates HYP AC dominates

AC better HYP LM (REF-1) REFLM (HYP-1)

REFLM dominates HYP LM dominates

LM better HYP AC (REF-2) REFAC (HYP-2)

AC + LM REFAC andLM HYP AC andLM

larger dominateHYP (REF-3) dominateREF(HYP-3)

Table4.4:Classificationof errorregionsaccordingto [21].

¤ into cell REF-3if boththelanguagemodelandacousticscorearebetterin theREFthan

in theHYP system.

Theclassificationinto cellsin theright-handcolumnproceedsanalogouslyfor theerrorregions

wherethetotalHYP scoreis better.

The error categoriesin Table4.4 are interpretablewith respectto the potentialsourceof the

error. If theerror region hasbeenassignedto oneof thecells in the left-handcolumna search

error hasoccurred– both the languagemodelandthe acousticmodelshave favoredthe right

solution,but theright solutionwaseliminatedat somepoint duringthesearchprocess.In order

to minimizethesetypesof errors,thebeamsearchandpruningparametersof thedecodercould

beadjusted.Theerrorsin theright-handcolumn,by contrast,aremodelingerrors.Theseoccur

wheneithertheHYP acousticscoreor theHYP languagemodelscoreor bothscorescontribute

to preferringtheincorrectover thecorrectoption.Possiblecausesfor this might be

¤ confusionsbetweendifferentacousticmodels,

¤ pronunciationvariantswhicharenotmodeledin therecognitionlexicon,

¤ incorrectreferencetranscriptions,

¤ wordsequencesin thetestsetclassifiedashighly improbableby thelanguagemodel,etc.

Chaseusesfurther, morespecific,errorcategories,viz. out-of-vocabulary (OOV) wordsandho-

mophonesubstitutions.Theseareuniquelyidentifiableerrorsourceswhich show characteristic

patterns.OOV wordsarewordswhich do not occurin the training setand,asa consequence,

arenot representedeitherin therecognitionlexiconor in thelanguagemodel.Unlesstherecog-

nition systemincludesa specificstrategy for identifying andtranscribingOOV words,thereis

no chanceof recognizingthesewordscorrectly. OOV wordscanbe explicitly marked in the
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referencetranscription– if an error region hasbeenfound which includesan OOV word it is

automaticallyassignedto theOOV category.

Homophonesubstitutionsmay occurwhentwo or morewordsarepresentin the recognition

lexicon which have thesamephonetranscriptionbut a differentorthographyand/orsemantics

and which are confusedin the recognizer’s output.Examplesof thesein the VERBMOBIL

recognitionlexicon are das and daß (that (determiner)and that (conjunction))or Meier and

Meyer (propernames).

For ourpurposeswehaveaddedafurtherspecialcategory:errorregionscausedby disfluencies.

Thiscategoryincludesall instancesof falsestartsandpartialor interruptedwords.As in thecase

of OOV words,thesearespeciallymarkedin thereferencetranscriptions,andanerrorregion is

automaticallyassignedto thecorrespondingcategory if it containsadisfluency mark.

Accordingto theseprinciples,an error analysiswascarriedout both for the acousticandthe

articulatorysystem.In computingthelanguagemodelandacousticscores,thescoresfor OOV

wordswerenot taken into considerationasthey would have distortedthe overall relative dis-

tancebetweenthe HYP andREF scoresin the rest the utterance.Furthermore,error regions

which occurredsolelydueto thepresenceor absenceof noiseor silencewerenot considered.

Thesameholdsfor errorsdueto confusionsbetweendifferentnoisemodels.In computingthe

combinedHYP andREFscores,thelanguagemodelweightingfactorusedduringdecodingwas

takeninto account.Error regionswhichcontainedjoint occurrencesof OOV words,disfluencies

or contractionsweremultiply classifiedinto the correspondingcategories.However, multiple

occurrencesof thesamespecialcategory within oneerror region did not leadto anaccumula-

tion of errorcounts.Thus,althoughseveralOOV wordsmayoccurin oneerrorregion,theentire

region wasonly classifiedasOOV once.The resultsof the error analysesareshown in Table

4.5.

Two points shouldbe notedin order to facilitate the interpretationof theseresults:first, the

percentagessumup to a numbergreaterthan100.0because– asmentionedabove – several

errorregionsweremultiply classified.Second,thepercentageof OOV categoriesdiffersamong

thetwo systemsalthoughin eachcasethesamenumberof OOV wordswaspresentin thetest

set.Thisis causedby two factors:(a)anerrorregionmaycontainseveralOOV wordsandis then

only classifiedasOOV once,whereasthesameregion maybebrokendown into severalerror

regionsin theothersystem;(b) in bothsystemsasmallnumberof testutterancesdid not receive

analignmentdueto pruningproblems– however, theseutterancesarenot identical,which may

leadto moreOOV wordsbeingpresentin onesystem’soutputcomparedto theother.

As canbeseen,theerrorcategorywhichhasmarkedlyfewerinstancesin theMFCCsystemthan

in theAF systemis thecategoryHYP-1.Thiscategorygroupstogetherall caseswheretheHYP

acousticscoreoverwhelmstheREF languagemodelscore.As mentionedabove, the potential
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MFCC AF

Totalno.of

errorregions 779 793

OOV 34.92% 31.78%

Disfluency 3.47% 3.15%

Homophones 0% 0%

REF-1 2.70% 3.40%

REF-2 2.82% 3.78%

REF-3 4.49% 4.29%

HYP-1 14.63% 17.02%

HYP-2 9.73% 10.84%

HYP-3 29.65% 26.99%

Table4.5:Classificationof errorregionsin MFCCandAF systems.

causescanbemanifold:highly confusableacousticmodels,inaccuratepronunciationmodeling,

incorrectword transcriptions,etc.

In orderto furtherdeterminethesourceof theerrorsin this category, a bottom-upphone-only

decodingwas performedusing monophonemodelsanda phonebigram.The word language

modelandtherecognitionlexiconthusdid nothaveany effectontherecognitionoutput.In order

to evaluatethephonedecodingsboththeframeerrorrate(thepercentageof framesdiffering in

phoneidentity in thereferencealignmentandphone-onlydecoding)andthedistancesbetween

thephonesequenceswerecomputed.Distancewasdefinedin termsof phoneticfeatureswhich

are similar but not identical to our articulatoryfeatures(seeTable A.6 in the Appendix). In

line with Chase’s procedure,thesimpleHammingdistancebetweenthe lists of binary feature-

valueswasusedin orderto evaluatehow stronglythephonesequencesdiverge.A differencein

onefeature(i.e. changeof two binary featurevalues)thusincurreda distancevalueof 2. The

phoneticdistancevaluescomputedfor eachincorrectframewereaddedup anddividedby the

numberof incorrectframes.Table4.6 shows the frameerror ratesanddistancevaluesfor the

MFCC andAF system,computedseparatelyfor differenterrorcategoriesandfor all framesin

thetestset(row six).

Themedianof thedistributionof theAF system’sdistancevalueswithin categoryHYP-I (sorted

into binsrangingfrom 0 to 8) is at bin 2, i.e. mosterrorregionshave anaveragedistancevalue

of 2, which correspondsto a differencein onephoneticfeature.82%of theerror regionshave

a distancevaluelessthanor equalto 4, i.e. mosterror regionsdiffer from thereferencein one

or two featuresonly. This shows that the greaterpart of the error regions in this category is

phoneticallyhighly confusablewith the“true” models,which indicatesthatthemajorsourcefor
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Error MFCC AF

Category FER dist FER dist

OOV 50.2%1 5.05 51.59% 5.58

Disfluency 50.21% 5.78 54.74% 5.63

REF-1 44.34% 6.10 50.79% 6.48

REF-2 39.21% 5.47 52.19% 6.19

REF-3 48.11% 6.08 40.71% 5.13

HYP-1 47.43% 5.34 50.43% 5.26

HYP-2 51.58% 5.03 51.44% 5.73

HYP-3 45.97% 5.43 53.21% 5.79

All data 42.69% 4.92 43.67% 5.21

Table4.6:Frameerrorrates(FER)andaveragephoneticdistancevaluesof monophonedecod-

ingsandreferencephonealignmentsfor differenterrorcategoriesandtheentiretest

data(bottomrow).

errorsin this category maybea lackof discriminabilitybetweendifferentacousticmodels.

Theinferior qualityof theacousticmodelsin theAF systemmayhaveseveralcauses.First, the

featuresthemselvesmaynotprovidesufficientdiscriminabilitybetweenthecorrectclassandthe

setof incorrectclasses.Second,thebottom-upacoustic-phoneticmodelingaccuracy of thear-

ticulatorysystemmaybelower thanthatof theacousticcodebook.Third, theremaybealossof

discriminabilitybetweendifferentmodelswhenexpandingthesystemfrom monophonesto tri-

phones,which mayberelatedto thedifferentresultsof theautomaticstateclusteringprocedure

in thetwo systems.

Thefirst of thesepossibleerrorsourceswasinvestigatedby computinga measureof classsep-

arability in boththeacousticandarticulatoryfeaturespace.This is expressedasa discriminant

ratio, ò , which is definedas

ò · ó]ôó ô èõÔ ô (4.8)

where

ó ô · ö¼¶ ¾Y¿e÷ ¶�ø�ùkúqûeüYýÿþ ¶ � (4.9)

and

Ô ô · ¸¸ Ú�� ö¶ ¾Y¿ ÷ ô¶
ö¼¶ ¾Y¿ ö¼Ð ¾Y¿ ÷ ¶ ÷ Ð °���� Ú��
	Í² ô (4.10)

(seee.g.[111]). ó]ô measuresthewithin-classvarianceof thefeatureswith respectto theclass

means– this is simply thesumof thetracesof theclass-specificcovariancematricesþ ¿ Ö����� Ö þ ö ,

weightedby theclasspriors. Ô ô denotestheinter-classdistance,i.e. thedistancebetweenclass
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Measure MFCC AF

WER 29.03% 30.47%

averagestateentropy 3.23 3.54

frame-level errorrate 42.69% 43.67%

discriminantratio 0.525 0.675

Table4.7:Measuresof accuracy anddiscriminabilityatvariouslevelsin therecognitionsystem

for MFCCandAF recognizers.

means,weightedby theclasspriors. ò finally is definedastheratio of within-classdistanceto

the between-classdistanceandrangesbetween0 and1. A smallervalueof ò indicatesbetter

separabilityof the � classes.The ò valuefor the MFCC featuresetwas0.525,comparedto

0.675for theAF system,showing that theMFCC featuresetleadsto betterseparabilityof the

phoneclasses.

Thebottom-upacoustic-phoneticmodelingaccuracy (i.e. theidentificationof thecorrectphone

classwithout any information from the lexicon or languagemodel) is alreadyexpressedby

theframe-level phoneaccuraciesquotedabove. An indicationof thedifferencesat the level of

context-dependentmodelingis given by the averageentropy of the HMM statedistributions.

Theaveragestatedistributionentropy is computedby

Ù���� °�� ² · ¸¹ ë¼ Ï ¾Y¿ « ÏÈÙ °Âê Ï ² (4.11)

where � is thetotalsetof states� · ê ¿ Ö ê ô Ö����� Ö×ê ë , « Ï is thenumberof trainingsamplesassigned

to stateê Ï , ¹ is thetotal sumof thenumberof trainingsamplesassignedto states,

¹ · ë¼Ï ¾Y¿ « Ï (4.12)

and Ù °Âê Ï ² is theentropy of stateê Ï , whichwasalreadydefinedin Equation4.7Weobservedthat

a low-entropy distribution indicateshighacoustichomogeneityof thetrainingsamplesassigned

to thestate– thesecanbemodeledby a smallnumberof mixturecomponents.A high-entropy

distribution characterizesstateswhosetraining observationsare more evenly spreadacrossa

largernumberof codebookclasses.It is thusmoredesirableto have low-entropy statedistribu-

tions.Theaveragestateentropy is 3.23in theMFCCsystemvs.3.54in theAF system.

Thevariousseparabilityandaccuracy measuresaresummarizedin Table4.7.Theinterpretation

of thesedatais thatdifferentphoneticclassesarelessseparablein thearticulatoryfeaturespace

thanin theacousticfeaturespace,asevidencedby thediscriminantratio. This entailsa higher

degreeof uncertaintyat thelevel of vectorquantization,which in turnproducesthehigheraver-
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Figure4.1:Diagonalsof phoneconfusionmatricesof AF andMFCCsystems.Blankboxesrep-

resenttheMFCC system,shadedboxesrepresenttheAF system.

ageentropy of thestate-dependentprobabilitydistributions.Theconsequenceis alargernumber

of confusionsbetweendifferentsubwordunits,andultimately, ahigherworderrorrate.

A further illustration of qualitative differencesis provided by the phoneconfusionmatrices

derived from thephone-onlydecodingdescribedabove. Figure4.1 shows thediagonalsof the

phoneconfusionmatrices.Again,wecanseethattheinformationprovidedby thetwo systemsis

partiallycomplementaryin thatdifferentphonesareclassifiedwith varyingdegreesof accuracy

by thetwo systems.

In order to give an overall quantitative assessmentof the differencesamongthe AF and the

MFCCsystem,thepercentagesof differentvs.identicalword-levelerrorswerecomputed.These

areshown in Table4.8.Thenumbersindicatethatabouttwo thirdsof theerrorsmadeattheword

level arenot identicalin thetwo systems.
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Err or type %

bothcorrect 61.44

AF correct,MFCC incorrect 5.99

MFCC correct,AF incorrect 11.52

bothincorrect 21.05

differenterrors 66.66

identicalerrors 33.34

Table4.8:Errorpercentagesin theoutputsof MFCC andAF recognizers.

4.4 Optimizing the Ar ticulator y Recogniz er

We have seenabove that the major reasonfor the poorerperformanceof the AF systemis

the overall confusabilitybetweenphoneclassesin articulatoryspace.A numberof strategies

wereinvestigatedin orderto enhancethebottom-upclassificationaccuracy andto optimizethe

articulatoryrepresentation.

First, further articulatoryfeatureswereaddedto the featureset in orderto ensurethat certain

higher-level phonemicdistinctionscould be madewhich were not supportedby the original

articulatoryfeatureset,i.e.distinctionsbetweentenseandlax vowels,suchas/u:/ - /U/. This in-

volvedaddinganotherfeaturenetwork with tense, lax, nil, andsilence. Thecodebookcontained

384classesandhadfull covariancematrices.Thebestword error rateobtainedby this system

was30.95%,i.e. no improvementwasgained.

Second,in orderto reducethequantizationlossin thecodebook,thenumberof codebookcells

wasincreased.Whereasanincreasefrom 256cellsin thefirst prototypeof anarticulatorycode-

book to 384 cells in the currentbaselinesystemled to a 1% absoluteimprovementin word

recognitionaccuracy, no further improvementcould be observed when further increasingthe

numberof classesto 512– on thecontrary, thesystemperformancedroppedslightly by 0.79%.

Asafurtherstrategy for optimizingthearticulatoryfeaturespace,thedimensionalityof thespace

was reducedby applying Principal ComponentsAnalysis.The first 18 principal components

wereselected,which covered95.6%of thevarianceof thedata.Thesizeof thecodebookwas

increasedin orderto matchthe numberof parametersin thearticulatorybaselinesystem.The

intentionof thisprocedurewasto restrictthemodelingeffort to modelingonly theinformation-

bearingcomponentsof thearticulatoryrepresentation.Theresultingsystem,however, showeda

slight lossin accuracy – thebestworderrorrateobtainedin this experimentwas31.81%.

A furtherexperimentinvolvedtheadditionof first-ordertemporalderivativesto thebasicartic-

ulatory features.Deltacoefficientswerecomputedwith a window of five framesandaddedto
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the basicarticulatoryfeatures.However, during the VQ training the deltacoefficientshadthe

effect of collapsingmany of theinitial classesin thecodebook(asdeterminedby theinitializa-

tion labels)into a small numberof very large classes,an indicationthat the deltacoefficients

weretoo similar acrossdifferentclassesandthustendedto dominatethe basicfeaturesin the

classificationprocess.Thesystemtrainedupusingdeltasachievedaword errorrateof 31.42%.

A numberof differentoptionswerealsoinvestigatedwith respectto HMM initializationandthe

stateclusteringalgorithm.The initial AF systemusedhardstate-tyingin the initialization pro-

cedure,i.e. identicalstateswerecreatedfor thebeginning,middle,andendpartsof phonemes.

In a different initialization procedure,physicallydifferentstateswere createdfor the various

temporalphasesof a phoneme.However, this initialization procedureled to a systemwith no

significantdifferencein errorrate.Finally, differentclusteringthresholdsweretestedin orderto

control thenumberof distinct hiddenstates.A lower clusteringthresholdof 50 led to a larger

numberof statesbut alsohadthe effect of slightly reducingincreasingthe word error rateto

30.80%.A higher thresholdof 100 loweredthe numberof statesanddecreasedthe word er-

ror rateslightly to 30.21%.No further improvementcould be observed by further raisingthe

clusteringthreshold.

In sum,thesestandardoptimizationstrategiesdid not yield any major improvement.It seems

likely thatin orderto improvetheaccuracy of theAF system,morefundamentalchangeswould

have to be madeto the modelingapproach.For instance,entirely differentmodelingschemes

suchassegmentalHMMs couldbeusedin orderto capturethetemporalevolutionof articulatory

features.Anotherpossibility might be to automaticallyadaptthe lexical representationto the

articulatoryfeaturerepresentation,e.g.by clusteringthe phoneclassessuchthat the clustered

classesaremoreeasilydistinguishable.However, thismayin turnleadto increasedconfusability

betweendifferentwordsin therecognitionlexicon,sothatthis procedurewouldneedextensive

optimization.

4.5 Combination

Although the AF-basedrepresentationdoesnot seemto provide major advantagesover the

MFCC representation,it doesyield informationwhich is partially complementaryto thatin the

MFCCsystem.This is evidentfrom boththephoneconfusionmatricesandthelargepercentage

of differentword-level errors.Although thesedatado not yield a generalphoneticinterpreta-

tion of thestrengthsandweaknessesof thedifferentsystems,they clearlydemonstratethat the

MFCCsystemandtheAF systemfocuson differentspeechsounds.

Giventhatthesystemsmakedifferenterrors,weshouldagaintakea look atvariouspossibilities
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of combiningtheir outputs.We will first addressthe issueof combiningsystemsat the HMM

statelevel beforeinvestigatingword-level combiningstrategies.Finally, we look at different

methodsfor combiningthearticulatoryandacousticrepresentationsat thefeaturelevel.

4.5.1 State-Le vel Combination

In thecontext of a largevocabulary recognitionsystemtheprocedureof traininga higher-level

classifierto combinethe statelikelihoodsof the individual systemsinvolves a prohibitively

large computationaleffort. For this reason,we limited state-level combinationexperimentsto

thelinearcombinationschemesof thetypediscussedin Chapter3. Thelinearcombinationrules

(repeatedherefor convenience)wereformulatedabovein termsof posteriorprobabilities,where

À °ÛÅ ¶ Ä ÁHÃt² wastheprobabilityof class Ç givenobservation ÁWÃ which servesasinput to the «¯ÉËÊÍÌ
classifier.

¤ productrule

÷ °ÈÅ ¶ Ä Á$#wÖ���� Ö×Á�%¢² · & º½�¾Y¿ ÷ °ÈÅ ¶ Ä ÁHÃt²� ö¶ ¾Y¿ & º½Q¾Y¿ ÷ °ÈÅ ¶ Ä ÁHÃe² (4.13)

¤ sumrule

÷ °ÛÅ ¶ Ä Á'#kÖ����� Ö×Á(%¢² · ¸¹ º¼½�¾Y¿ ÷ °ÛÅ ¶ Ä ÁHÃl² (4.14)

¤ maxrule

÷ °ÛÅ ¶ Ä Á$#wÖ����� Ö×Á(% ² · ¥ Î*) ½ ÷ °ÈÅ ¶ Ä ÁWÃl²� ö¶ ¾Y¿ ¥ Î+) ½ ÷ °ÛÅ ¶ Ä ÁHÃt² (4.15)

¤ min rule

÷ °ÈÅ ¶ Ä Á$#kÖ����� ÖÍÁ(% ² · ¥ª©z« ½ ÷ °ÈÅ ¶ Ä ÁHÃt²� ö¶ ¾Y¿ ¥ª©z« ½ ÷ °ÈÅ ¶ Ä ÁHÃl² (4.16)

This formulationwasdirectly applicableto the outputsof the Multi-Layer-Perceptronsin the

hybrid system,which, aswe notedbefore,approximateBayesianposteriorprobabilitiesin the

least-squaresense.By contrast,theGaussianmixtureclassifiersin thecurrentrecognitionsystem

estimatethe likelihoodsÀ °ÂÁWÃYÄ Å ¶ ² , which arethenconvertedto log-likelihoodsfor decoding.It

shouldbenotedthat the likelihood À °ÂÁWÃYÄ Å ¶ ² is dependenton thedimensionalityof the feature

vectorx – thelikelihoodsresultingfrom differentsystemsrelyingonfeaturevectorsof different

dimensionalitieswill thereforehave differentranges,with fewer featurestypically resultingin

larger likelihoodvalues.The likelihoodsshouldthereforebeappropriatelyscaled.We perform

this scalingby normalizingby the acousticlikelihood À °ÈÁHÃl² , which is simply the sumof the

likelihoodsÀ °ÈÁHÃcÄ Å ¶ ² overall classesÇ :
À ½�,.-Üì °ÈÁHÃcÄ Å ¶ ² · À °ÈÁHÃcÄ Å ¶ ²� ¶ À °ÂÁHÃYÄ Å ¶ ² (4.17)
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If we assumethatclasses(states)have uniform prior probabilitiesin thedifferentsystems,the

combinationof normalizedlikelihoodswill beproportionalto thecombinationof theposterior

probabilitiesÀ °ÈÅ ¶ Ä ÁHÃt² .
The HMM/ANN hybrid systemsdiscussedin the previous chaptershad identicalnumbersof

states– every outputunit of thephoneMLP correspondedto a statein therecognitionlexicon.

In thiscase,however, thesystemshavedifferentnumbersof physicalstatesdueto theautomatic

stateclusteringmethoddescribedabove. In orderto be ableto combinestateemissionproba-

bilities wecombineemissionsfor thosestateswhich arereferencedby thesamelogical name–

thus,for any givenstate,emissionscanbecombinedalthoughthey stemfrom physicallydiffer-

entstatedefinitions.An additionalquestionis raisedby thedifferentstatetransitionprobabilities

in thedifferentsystems.We testedthefollowing possibilities:

¤ usingthetransitionprobabilitiesof theMFCC system,

¤ usingthetransitionprobabilitiesof theAF system,

¤ usingtheir average,i.e. ÎtÏÒÐ · ° Î ¿ÏÑÐ è Î ôÏÑÐ ²Ó (4.18)

whereÎ ½ÏÒÐ is thetransitionprobabilityfrom state© to state/ in the « ’ th system,

¤ usingtheir normalizedproduct

ÎeÏÑÐT· Î ¿ÏÑÐ Î ôÏÑÐ� ö¶ ¾Y¿ Î ¿Ï�¶ Î ôÏ�¶ (4.19)

where� is thenumberof differentoutgoingtransitionsfor state© .
Thebestresultswerein eachcaseobtainedby taking thenormalizedproductof the transition

probabilities.Table4.9 lists theresultsof thestate-level combinationexperimentsand,for com-

parison,thebaselinerecognitionresults.

As we cansee,improvementsover thebaselineMFCC systemareobtainedby themin rule and

theproductrule; however, theonly significantimprovementis theproductrule combinationre-

sult.Wethusseeourpreviousobservationsconfirmed,viz. thattheoptimalcombinationscheme

is basedonaproductcombinationof scores.

In the above experimentsthe scoresfrom both systemswere not weightedwith respectto

eachother. However, the individual contributionsmaybemodifiedby eitherstaticor dynamic

weights.Severalexperimentswerecarriedout wherea weightedproductcombinationrule was

used,i.e.
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System WER INS DEL SUB

AF 30.47% 2.13% 9.03% 19.31%

MFCC 29.03% 1.83% 8.32% 19.16%

product 27.65% 2.75% 6.53% 18.38%

max 30.63% 4.84% 5.36% 20.43%

min 28.73% 2.59% 6.94% 19.20%

sum 31.98% 4.24% 5.09% 21.65%

Table4.9:Word error ratesobtainedon the Verbmobil testsetby the baselineAF andMFCC

systemsandby differentlinearprobabilitycombinationrules.

AF weight MFCC weight WER SUB DEL INS

0.1 0.9 29.03% 19.57% 6.22% 3.24%

0.2 0.8 28.84% 18.86% 6.27% 3.26%

0.3 0.7 27.82% 18.47% 6.35% 3.00%

0.4 0.6 27.55% 18.36% 6.35% 2.84%

0.6 0.4 27.65% 18.46% 6.52% 2.67%

0.7 0.3 27.44% 18.43% 6.30% 2.72%

0.8 0.2 27.41% 18.39% 6.32 2.70%

0.9 0.1 27.94% 18.74% 6.05% 3.15%

Table4.10:Word error ratesobtainedby differentweightsin a weightedproductcombination

rule.

÷ °ÈÁ$#kÖ����� Ö×Á(%]Ä Å ¶ ² · & º½Q¾Y¿ ÷ °ÈÁHÃ¯Ä Å ¶ ²1032� ö¶ ¾Y¿ & º½�¾Y¿ ÷ °ÂÁHÃYÄ Å ¶ ² 0 2
46587 ½ 5 ¸ Ö

º¼½�¾Y¿ 7 ½ · ¸ (4.20)

wheretheweightswerefoundby a searchover possibleweightsbetween0 and1. Severaldif-

ferentweightedcombinationsled to animprovementover theunweightedcombinationscheme

(seeTable4.10).

Most of the resultsobtainedin the weightedcombinationexperimentsled to a significantde-

creasein word error ratecomparedto the MFCC baseline.However, with respectto the un-

weightedproductscheme,they only showed marginal additionalimprovementswhich arenot

statisticallysignificant.More substantialimprovementsmight be gainedif dynamicweights

wereusedinsteadof staticweights.As shown in [70], weightedframe-level classifiercombina-

tion in speechrecognitioncanbenefitfrom higher-level information,i.e. informationaboutthe

correctnessof theword or utterance.Thus,confidencevaluesderived from the individual sys-

tems’recognitionpassescanbeusedatapost-processingstageasdynamicstate-level combina-
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tion weights.Alternatively, combinationweightscouldbe associatedwith wordsor individual

HMM statesandcouldbetrainedaccordingto adiscriminativecriterion.

4.5.2 Word-Level Combination

Typically, speechrecognitionsystemsshow a greaterconfidenceof decisionat later stagesin

therecognitionprocess.A betterway of combiningdecisionsfrom two differentsystemsmight

thereforebe to re-evaluatetheir joint outputsat the word or utterancelevel. Two methodsof

systemcombinationabove thestatelevel which have beenemployedpreviously areHMM re-

combinationandN-bestlist rescoring.

In HMM recombination(also referredto as HMM decomposition)[118, 15] two (or more)

HMMs arecombinedby aproductoperation.Let 9 ¿ bea HMM with statespace: ¿ , avectorof

startprobabilities;�# , amatrixof statetransitionprobabilities< ¿ , andamatrixof stateobserva-

tion probabilities= ¿ . Analogously, let 9 ô beanotherHMM with 9 ô ·?> : ô Ö3;A@eÖ�< ô ÖB= ô C . The

productHMM is aHMM 9qÉ with :=É · : ¿*D : ô , ;JÉ · ;�# D ;A@ , < É · < ¿*D < ô , and =äÉ · = ¿*D = ô .
Thus,the statespaceof the new HMM is formedby the Cartesianproductof the statespaces

of the two original HMMs, the componentsof the vectorof startprobabilitiesareproductsof

thecorrespondingcomponentsin theoriginal startprobabilityvectors,andtheelementsof the

matrices<¨É and =]É areproductsof the correspondingelementsin < ¿ and < ô and = ¿ and = ô ,
respectively. Althoughthis methodcanbeusedfor simplestate-level combination(asin [118]

and[116]), the original HMMs canalsobe equatedwith larger units suchasdiphonesor syl-

lableswhile disregardingtheir internalstructure,thusenablinghigher-level combination.This

possibilitywasusede.g.in [15] for syllable-level combinationof subbandstreams.

Combinationby N-bestlist rescoring(e.g. [124]) involvesmerging the lists of the top
¹

hy-

pothesesfor eachutteranceoutput by the different recognitionsystems.Theseare combined

into a latticewhich canbe rescoredusingadditionalinformation,suchasnormalizedacoustic

scores,languagemodelinformation,andconfidencevalues.

Thefirst of thesemethods,HMM recombination,wasnot suitablefor our task.Thesizeof the

statespaceof the HMM producedby HMM recombinationincreasesexponentiallywith the

numberof statesin the original HMMs. For a large vocabulary systemwith a large number

of internal statesanda sizeablesearchspace,this procedureturnsout to be computationally

too expensive. N-bestlist merging wasnot directly applicableeithersincethepresentsystems

arebasedon a one-bestdecoder. However, thesinglebestoutputsequencesfrom thedifferent

systemsmaybecombinedin asimilar way.

The prevalent approachfor combiningone-besthypothesesfrom different recognizersis the

RecognitionOutput Voting Error Reduction(ROVER) algorithm developedby Fiscus[44].
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Figure4.2:Recognizerhypothesescombinationby theROVER method.

ROVER works by constructinga new word transitionnetwork from the bestword sequences

outputby a numberof differentrecognitionsystems,followedby rescoringthenew transition

network by avotingmodule.Thealignmentmodulearbitrarilydesignatesonewordsequenceas

thereferenceword sequence.All otherword sequencesaretheniteratively alignedagainstthis

referencesequenceby meansof a minimal-costdynamicprogrammingprocedure.If the two

wordsthathave beenalignedwith eachotherarebothcorrect,identicalcopiesaremadein the

resultingword transitionnetwork. If they differ, alternative branchesareadded.Insertionsand

deletionscausenull transitionto be added(cf. Figure4.2). The voting moduletransitionsthe

word network from left to right and,at eachnode,choosesthebest-scoringoutgoingarc.This

rescoringprocedureis basedontheconfidencevalues(rangingbetween0 and1) assignedto the

arclabelsby their respectiverecognizers.Threedifferentrescoringschemesweretested:

(a)voting by frequency of occurrence,

(b) aweightedsumof frequency of occurrenceandaverageword confidence,

(c) aweightedsumof frequency of occurrenceandmaximumwordconfidence.

At eachposition © in the word transitionnetwork, the first methodpicks that word ´ which

hasthe largestnumberof occurrencesat position © , ¹ ° ´ Ö ©Ü² , relative to the total numberof

hypotheses,
¹GF , F . Theothermethodscomputescoresaccordingto

HJI î ®LKl° ´ ² ·NM ° ¹ ° ´ Ö×©Ý²PO ¹GF , F ²Wèu° ¸ Ú M ²�Qi° ´ Ö ©Ü²�Ö 4�5 M 5 ¸ (4.21)

where Qv° ´ Ö ©Ý² is eitheran averageor a maximumconfidencescore.Null transitionsaresetto

a constant,Q î «W¦ °SR]² . Thevaluesof both Q î «W¦ °SR]² and M aretrainedby minimizing theword

errorrateona trainingset– this is doneby agreedysearchover thespaceof possiblevaluesfor

theseparameters.The ROVER algorithmwasusedin the LVCSR 1997Num 5-E Benchmark

TestEvaluationsin order to combinethe outputsfrom five different recognitionsystems.An
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wir müssen wir fünf Tage zusammen gekommen

wir müssen wieder fünf Tage TUTUT zusammenbekommen

Figure4.3:Dynamic-programmingalignmentof hypothesesfrom MFCC systemandAF sys-

tem.

wir [181..191] wir [179..189]

müssen [192..217] müssen [190..217]

wir [218..232] wieder [218..232]

fünf [233..258] fünf [233..257]

Tage [259..287] Tage [258..285]

zusammen [288..324] zusammenbekommen [286..365]

gekommen [325..363]

Figure4.4:Temporalalignmentof word sequencesshown in Figure4.3.

absoluteword error reductionof 5.3% (a relative reductionof 11.8%)wasachieved in these

experiments.

Although this procedureis simpleand intuitive, it hastwo major drawbacks.Oneof theseis

the dynamicprogrammingalignmentprocedure.This alignmentalgorithmdoesnot take into

accounttheabsolutetime alignmentof the individual word sequencehypotheses– it finds the

minimal-costmatchbetweentwo stringsbasedonpenaltyfunctionsfor insertions,deletionsand

substitutions.For this reason,thetemporalorderingof hypothesesstemmingfrom differentsys-

temsmaybedistorted.Considertheexamplefrom theVerbmobiltestsetshown in Figure4.3,

wherethe outputfrom the AF basedsystemwasstring-alignedto the outputfrom the MFCC

system,whichwasusedasthereferencetranscription.Comparethis to theactualtimealignment

of theutterancesin Figure4.4.Here,thestartandendtimesof theword hypothesesareshown

in termsof framenumbers.For this utterancethe ROVER algorithmwould constructa word

transitionnetwork wherethewordszusammenandzusammenbekommenform asequence.How-

ever, ascanbeseenfrom thetemporalalignmentof thedifferentwordhypothesissequences,the

two separatewordszusammenandgekommenin theMFCC systemcover thesamepartof the

signalaszusammenbekommenin theAF system.If therescoringmodulehappenedto choosethe

sequencezusammen– zusammenbekommen, it would incorrectlyintroducean insertion.These

hypothesesshouldinsteadconstituteparallelpathsin the word transitionnetwork in order to

preventthis effect.

In theVerbmobilcorpus,this is notanisolatedexample;similarmisalignmentsoccurfrequently.
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Oneof the reasonsis that word formationby compoundingis extremelycommonin German.

Therearenumerouscompoundsin the recognitionlexicon whosecomponentsareeitheriden-

tical to, or closelyresemble,other(shorter)wordsin the lexicon. Grammaticalinflectionsare

anotherfactorcontributing to this effect as they are responsiblefor a large numberof words

whichareacousticallyhighly similarandmayeasilybeconfusedby therecognitionsystem.As

a consequence,a longerword may be split up into two or moreshorterwordswhich arethen

incorrectly alignedby the dynamicprogrammingprocedure.Furtherexamplesof this prob-

lem which were observed in the test set are “kurzer Termin” vs. “K urztermin”, “da wär”

vs. “dabei”,“vierzehnten”vs. “vierzehnden”, “dreißigsten”vs. “dreißig denn”etc.

The algorithm which was developedin this thesisis different from ROVER in that it makes

useof time alignmentinformationduringtheconstructionof theword transitionnetwork. Fur-

thermore,unlike ROVER it usescontext information(in the form of languagemodelscores)

duringtherescoringprocessandis basedon a differentrescoringformula.In orderto describe

the algorithmwe will first definesomegeneralgraph-theoreticalconcepts.2 In the contexts of

speechrecognition,theconceptof aword graphhaspreviouslybeenusedwith variousdifferent

interpretationse.g.[94, 2]). For our purposes,wedefineit asfollows:

Definition 2 Word Graph: We definea word graph V asa a quadrupleV ·?>XW ÖPY ÖPZ Ö W C ,

where

[\W · ] « ¿ Ö « ô Ö����� Ö «_^L` is a nonemptyset of nodes.Each nodeis representedby a pair> ©×Ö×Ê C , where © is an index and Ê a timepoint.

[ Y ·XW abW adc a Z is a nonemptysetof edges.Edgesaredirected,i.e. °±«FÖ×«YÉÛÖ ´ Ö í ²fe
Yhg ikj¯ÉÛÖ�j[Ö�låÖ íkm OedY . If j is a start point for edge K wesaythat K is incidentfrom j . If j
is anendpoint for edge K wesaythat K is incidentto j .

[ Zon ] íkp Ö í ô Ö���� Ö í ^*` is a nonemptysetof edge labels.In thecurrentcontext, theseare word

hypothesislabels.

[Xc n ] l p Ö�l ô Ö����� Ö�lq^*` is a nonemptysetof weights.Thesetypically representtheacoustic

scoresassociatedwith theword labels.

Definition 3 Adjacency: Two nodes jAr and jts in a word graph are adjacent if utK n
i�j_rwvPjtsxv�lqrwv�y�r m ezY . Two edges K�r and KBs in a directedgraphare adjacentif K�rJn{i�j_rwvPjtsxv�lqrwv�y�r m
and KBs|n}ikj~s�vPj��LvPlJs�vBy�s m , i.e. theendnodeof thefirstedgeandthestartnodeof thesecondedge

are identical.Wedenoteadjacencyby j_r�� j~s and K�r�� KBs , respectively.

�
Seee.g.[20] for anintroductionto graphtheory.
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Definition 4 Path: A path � in a directedgraphis a sequenceof edges,�Un}iS� p vB����v�����vB��� m such

that for anytwo edges ��r and ��r�� p , ��r'� ��r�� p . Thelength y�� of path � is thenumberof edgesin

thepath.

Definition 5 Spanning Edge: A spanning edge occurs when there exist an edge � n
ikjArwv�jA��vPlqr.vByr m ez� anda path � in � such that � startsin j_r andendsin j_� andhasa length

y��G��� , i.e. onesingleedgespansa sequenceof several edges.

Therearecertainconditionson aword graphwhichmustbefulfilled:

� � hasadistinctstartnode� , representingthestartof theutterance.Thus,u~��e����fu���eb�
suchthat �G� �f���_ \eb�¡v� £¢n��¤v� �¢�¥� . Thatis, thereexistsanodein theset� , which

hasat leastonesuccessor, � , andwhich is nota successorto any othernode.

� � hasadistinctendnode ¦ , representingtheendof theutterance,i.e. u�¦§eb�¨�©u��Geb�
suchthat �§� ¦ª�\�_ }e«�}vP ¬¢n¦AvB¦®¢�   . That is, thereis a nodein � which is a

successorto at leastoneothernodeandhasnot successoritself.

� the graphmustbe acyclic. This meansthat thereexists no path � in the graphsuchthat

�bn°¯k��rwvB��r�� p v�����vB��r m .
� thegraphmustbeconnected. For all nodes Ar±eb� otherthanthedesignatedendnode ¦ ,

thereis anedgeincidentfrom thatnode.

Let usnow turn to theconstructionof aword graphfrom thebestwordsequencesoutputby the

individual recognitionsystems.Unlike the ROVER algorithm,our algorithm simultaneously

combinesthesesequencesinto a word graph.It is thusnot thecasethatoneword sequenceis

consideredthebasicreferencesequenceagainstwhich theotheris aligned.Thewordsequences

arerepresentedasword lattices,whereeachentry consistsof a word hypothesislabel,a start

time, an endtime, anda score.Both latticestogetherconstitutethe latticedatabase.Theword

graphis thenconstructedasfollows:

Word Graph Construction fr om HypothesesLattices

1: sortall word hypothesesin thelatticedatabaseaccordingto their starttimes

2: createa rootnodewith starttime ² = 0

3: for eachword hypothesisin thelatticedatabasedo

4: for all nodesin thepartialword graphconstructedsofar (startingwith themostrecently

creatednodeandgoingbackin time)do
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5: checkif the nodeis a possiblestartnode.A possiblestartnodeis definedasa node

whosetime index ²1³�´.µ�¶ lies within a temporalwindow · aroundthestarttime ²¹¸»ºS� of

thecurrentwordhypothesis.Thewindow · is definedas ²¹¸Bº.� +/-   frames,where  is

auser-definedparameter.

6: if thenodeis notapossiblestartnodeandits time index is largerthan ²¹¸Bº.�½¼z  then

7: continue

8: elseif the nodeis not a possiblestart nodeand its time index ²1³�´.µ�¶ is smallerthan

²¹¸»ºS�½¼z  then

9: break

10: elseif thenodeis a possiblestartnodethen

11: attachtheword hypothesisasanedgeincidentto thatnode.

12: end if

13: end for

14: for all nodesin partial word graphconstructedso far (startingwith the most recently

creatednodeandgoingbackin time)do

15: checkif the nodeis a possibleendnode,in analogyto the procedurein the previous

step

16: if thenodeis notapossibleendnodeandits time index is largerthan ²¹¸BºS�¾¼¿  then

17: continue

18: elseif thenodeis not a possibleendnodeandits time index is smallerthan ²¹¸BºS�À¼o 
then

19: break

20: elseif thenodeis a possibleendnodeandno edgewith thesamelabelandstartnode

is incidentto thatnodeyet then

21: attachthecurrentword hypothesisasanedgeincidentto thatnode.

22: else

23: createanew nodein thewordgraphandattachthehypothesisasanedgeincidentto

thatnode.

24: end if

25: end for

26: end for

27: createanendnode ¦ andedgesbetweentheendnodeandall othernodesin G not having

any successoredges

28: while two edgesÁ and Â exist in thegraphwhicharespannedby asingleedgedo

29: join Á and Â
30: endwhile
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würde

wäreÃdas
Ä

wunderbarÃ wennÃ esÅ bei Ihnen auchÆ geht

wunderbar wenn esÅ denn
Ä

auchÆ
gehtdas

Ä

wäreÃ
das
Ä

wunderbarÃ wennÃ esÅ
bei Ihnen

auchÆ geht

würde
denn
Ä

Figure4.5:Combinationof word sequencesinto word graph.

Thisalgorithmgeneratesa compactrepresentationof competinghypothesesand,moreover, en-

suresthat hypotheseswhich cover the sametemporalinterval are representedas alternative

pathsin the graph.The parameter  determinesthe densityof the graphasit decides,among

otherthings,whetherhypotheseswith thesamelabelbut differentstartor endtimesshouldbe

collapsedor not. If the differenceexceeds  frames,they are representedas two distinct hy-

potheses,if not, they arecollapsedinto one.Thefinal stepof joining edgesspannedby a single

edgeis performedin order to ensurethat all individual edgesincident from a nodecover the

sametemporalinterval. The join operationcan formally be definedas follows: given a path

�ªÇÈ¯k Arwv� ~s�v�·qrSvBy�rÊÉËv�����v¤¯� _�PÌ�ÍBv� _��v�·q�PÌ�ÍBv�y��PÌ�Í3É3É constructanedgewith startnode  _r andendnode

 _� , aweight ·�ÇÏÎÑÐ
Ò �_ÓÔÓÔÓ � Ð
ÕwÖL×ÊØÙ Ú anda label y�ÇÛy�r
ÜÝ����¤ÜÞy��3Ì�Í , where Ü is aconcatenationoperator.

Thecombinationof word sequencesinto aword graphis schematicallyshown in Figure4.5.

A positive side-effect of this combinationmethodis that the complexity of this algorithm is

linearasopposedto thequadraticcomplexity of thedynamicprogrammingalignmentalgorithm

whichis usedin ROVER.Stringalignmentvia dynamicprogramminghasthecomplexity ß�¯k  � É
in time, where   is the lengthof the longerof the two sequenceswhich areto be aligned.In

our algorithm,two basicoperationsneedto be carriedout for eachentry in the list (of length

 ªà«á ) of lattice entries:finding a startnodeandfinding an endnode.In eachof thesesteps,

only asmallnumberof wordgraphnodesin theimmediatevicinity of thecurrenttimestampis

consideredfor attachingtheword latticeentry– the precisenumberof nodecandidatesvaries

but is notdependenton thelengthof thelist of latticeentries.With respectto thecomplexity of

thealgorithm,thenumberof candidatenodescanthereforebeconsideredaconstantâ . Thus,the

timecomplexity of ouralgorithmis ß�¯P¯� Jà�áªÉPâtÉ , where  and á arethelengthsof thetwo word

sequences,respectively. The initial sortingprocedureappliedto the union of the word lattice
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entriescanbedonein ß�¯3¯k ãà\áªÉ�ykäxå�¯k ãà\áªÉ3É time,thustheentirealgorithmis below quadratic

complexity. If only two word sequencesareconsidered,this may not be of greatsignificance;

however, if morethantwo wordsequencesareto becombined,e.g.in thecaseof combiningthe

outputsfrom morethantwo recognizersor whencombiningN-bestsequences,theadvantages

quickly becomeobvious.

After the word graphhasbeenconstructed,it is traversedin searchof the best-scoringpath,

which is assumedto correspondto the best word sequence.This searchis performedby

breadth-firstgraphtraversalwhich,at eachnode,evaluatesall edgesincidentfrom thatnode.

Word Graph Rescoring

1: set æ = 0,string = ç
2: while æJèêé (thenumberof nodesin thegraph)do

3: for eachedge��ë incidentfrom  �ä�ìí��î do

4: computethescore·Þë
5: end for

6: selecttheedge��ë with minimum ·Þë
7: set æ to theindex of theendnodeof ��ë
8: setstring = string ÜÝïðë
9: endwhile

10: returnstring asthebestword sequence

In therescoringexperimentstheedgescoreswerecomputedfrom theacousticlog-likelihoods

outputby eachsystem,languagemodelscores(optional)andconfidencevalues(optional).Var-

iousnormalizationprocedureshadto beappliedto theacousticlikelihoods:first, sincethede-

coderoutputsacousticlikelihoodswhichhavebeenaccumulatedoverall framesin thetheword,

they needto benormalizedby thedurationof theword. This canbedonein the lineardomain

(i.e.dividing thelikelihoodby thenumberof framesin theword)or in thelog domain(subtract-

ing the logarithmof theduration).Additionally, the likelihoodsfrom thetwo differentsystems

needto benormalizedsince(asexplainedabove)they arenotdirectlycomparable– in particular,

thelikelihoodsin theAF systemareglobally lower thanin theMFCC system.This normaliza-

tioncanbeachievedbyapplyingscalingfactorsñ and(1 - ñ ) to thelikelihoodsfromthedifferent

systems.Thevaluesfor thesescalingfactorsweredeterminedby a searchoverall possibleval-

uesin therange[0,1]. Languagemodelinformationis representedin termsof thebigramscores

ateachnodetransition.Theconfidencevalueswerecomputedby generatingmultipledecodings

(atotalnumberof tendecodingswasusedfor thepresentexperiments)of thetestsetfor boththe
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WER INS DEL SUB

27.97% 2.30% 7.25% 18.43%

Table4.11:Lowestworderrorrateobtainedusingword-level rescoring.

acousticandarticulatorysystem,respectively, while varyingthelanguagemodelscalingfactor

(‘languagemodeljitter’). Thenumberof timeseachword in thebest-scoringdecodingappeared

in all otherdecodings,dividedby thetotal numberof decodings,wasthenusedasa confidence

valuefor thatword.

Thebestresultwasobtainedusinglinearlynormalizedacousticlikelihoodsandlanguagemodel

scores.The optimal scalingfactor for the AF and MFCC systemsturnedout to be 0.7 and

0.3, respectively. The word error rate obtainedby this constellationwas 27.97%,which is a

significantimprovementover theMFCCbaselineworderrorrate.

Whereasthe useof context information in the form of languagemodel scoresgenerallyled

to an improvement,it wasfound that confidencevalueswere lessuseful.The reasonfor this

may be that the confidencevalueswerederived usinga very simpleprocedureandwerenot

accurateenoughin orderto further improveresults.However, confidencevaluesmight turn out

to behelpful if moresophisticatedconfidenceestimationmethodswereused.Furthermore,the

rescoringprocedureproved fairly sensitive to differentnormalizationschemesappliedto the

acousticlog-likelihoods.For successfulword-level combinationit is crucial that the all of the

individual factorscontributing to theword hypothesisscores,aswell astheir relative weights,

areoptimized.

4.5.3 Feature-Le vel Combination

We have seenin the precedingsectionsthat recognizercombinationat the stateor word-level

involvesa fair amountof computationaleffort for large-vocabulary systems.In eachcasetwo

completesystemshave to be trainedbeforetheir decisionscan be combined.In the caseof

word-level rescoringthecombinationproceduretakesplaceat thepost-processingstage;thus,

in additionto training,two completerecognitionpasseshave to becarriedoutaswell. How can

wetakeadvantageof thefactthattheAF systemprovidesinformationcomplementaryto thatin

theMFCCsystemwithouthaving to goundergo theeffort of doubletrainingand/orrecognition

procedures?Theobviouschoiceis to combinetheacousticandthearticulatoryrepresentationsat

thefeaturelevel, i.e. therecognitionsystemis basedonacombinedfeaturespacewhichincludes

bothMFCCsandAFs.However, it would betoo impracticalto simply useall MFCCsandAFs

jointly at this level asthis would leadto a prohibitively large featurespaceof 65 dimensions.

We thereforeneedto selecta subsetof theunionof thesetsof MFCC featuresandarticulatory
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WER INS DEL SUB

33.30% 2.06% 9.44% 21.79%

Table4.12:Worderrorratesobtainedby PCA on thejoint MFCC+AFfeaturespace.

features.

4.5.3.1 Principal Components Anal ysis

As a first attemptat reducingthecombinedfeaturespacewhile retainingasmuchinformation

aspossiblewe appliedPrincipalComponentsAnalysis(seeSection3.2.3).Thetransformation

matrix ò was derived from the combinedMFCC+AF featurevectors– subsequently, the 39

largestprincipal componentswere selectedfor the new system.Thesecovered97.6%of the

variance.A completesystemwasthentrainedon thebasisof theseprincipalcomponents,using

a256-classcodebookwith full covariancematrices.Table4.12showstheresult.Theworderror

rateof 33.30%is significantlyworsethaneitherof theworderrorratesobtainedby thebaseline

systems.An explanationfor this might be thenegative interactionbetweenembeddedtraining

anda representationin termsof principal componentswhich wasalreadyobserved in Chapter

3.

4.5.3.2 Discriminative Feature Selection

Theobjectiveof this studyis not only to improve theperformanceof a speechrecognitionsys-

temby addingarticulatoryinformationbut alsoto analyzewhatinformation,if any, articulatory

featurescanyield in additionto standardspeechfeatures.For this reason,it seemeddesirableto

additionallyapplya selectionmethodwhich would allow usto retainthe interpretationsof the

individual featurevectorcomponents.Onesuchfeatureselectionmethodwasthe information-

theoreticselectionalgorithmpresentedin Section3.2.3.Theselectioncriterionwasto eliminate

thosefeatureswhoseeliminationchangesthe overall conditionaldistribution of the classesó
given the featureset ô , õ�¯Só÷ö ô�É , as little aspossible.In the subsequentcombinationexperi-

ments,however, wesaw thatcombinationworksbestwhentheresultingprobabilitydistribution

is asdiscriminative aspossible,i.e. the trueclassis distinguishedaswell aspossiblefrom the

incorrectclasses.How canwedefinea featureselectionprocedurethattakesaccountof this fact

andselectsa featuresubsetwhich is maximallydiscriminative?

Onediscriminative featureselectionmethodwaspresentedby Bocchieri& Wilpon [14]. The

intentionof their studywasto selectthe mostsignificantcomponentsfrom a standardfeature

vectorcomposedof 12 LPC coefficients, their first andsecondderivatives,plus the first and

secondderivativesof the frameenergy. Undertheir approachthe selectionof a featuresubset
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is basedon rank-orderingthefeatureswith respectto anoptimizationcriterionandthenchoos-

ing the é most significantfeatures.The optimizationcriterion which they employed can be

interpretedas the maximizationof the ratio of the between-classdistanceto the within-class

distance.Thefeatureselectionmethodwasdevelopedwithin aGaussianmixtureacousticmod-

eling framework; thedistanceof observationsto acousticmodelsis thereforeexpressedin terms

of thelikelihoodcomputedby evaluatingtheGaussianmixtures.Moreprecisely, thedistanceof

a featurevectorcomponentø�³ to a singleGaussianpdf ù with diagonalcovariance3 is defined

as ú
¯Êø�³~ûBùLÉJÇNü�ý ¯�ø�³�¼¿þ�ÿ³ É �� ÿ³

�
(4.22)

where þ�ÿ³ is the  ���²�� componentof the meanvectorof ù and � ÿ³ is the  ���²�� componentof the

variancevectorof ù . Thus,thedistanceof eachfeatureto themodelis computedby evaluating

theexponentof aone-dimensionalGaussianpdf.

In orderto computethesedistancevalues,the training datawasalignedto the referencetran-

scriptionsat the phonelevel. For any given phone,the distancevaluesof the featurevector

componentswereevaluatedonly with respectto the largest(highest-scoring)mixture compo-

nentof thecorrespondingphonemodel.Thefinal rank-orderingaccordingto thedistancevalues

thendeterminedtheoptimalfeatureset.Theapplicationof thismethodto speechrecognitionon

smallcorporalikeTIMIT andTI digits enabledtheauthorsto reducethenumberof parameters

by a factorof 2 without any significantlossin word recognitionperformance.

This featureselectionmethodwasdirectlyapplicableto ourGaussianmixturebasedrecognition

system.In orderto applyit to thepresenttaskof selectingthemostdiscriminativesubsetof the

MFCC+AF featureset, a simple bootstrapsystemwas trainedbasedon the 65-dimensional

combinedMFCC+AF featurespace.To speedup development,only 256classesanddiagonal

covariancematriceswereused.An algorithmsimilar to thefeatureselectionmethoddescribed

above was thenappliedto a representative subset(about30%) of the training datausing the

acousticmodelsof the bootstrapsystem.This datasubsetwasalignedat the statelevel with

thesequenceof acousticmodelsbasedon thereferencetranscription.Thedistancevalueswere

thencomputedfor eachframe,usingthe parametersof the codebookpdfs andthe weightsof

theHMM statealignedto thatframe.Thedistancevaluesfor thecorrectmodelvs. theincorrect

modelsateachframewereaveragedovertheentiredataset;finally the39featureswereselected

whichshowedthesmallestratioof correctvs. incorrectdistancevalues.

�
Only diagonalcovariancematriceswereusedin thisstudy.
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Thepreciseselectionalgorithmis asfollows:

Discriminati veFeature Selection

1: for eachframedo

2: for eachacousticmodel ù do

3: evaluatethe mixture of Gaussians,using the sharedcodebookand state-dependent

weights

4: selectthelargest(highest-scoring)mixturecomponentá
5: for eachfeaturevectorcomponent  do

6: compute

ú
¯� $û�áªÉ (asin Equation4.22)

7: if ù is thecorrectmodelfor this framethen

8: add

ú
¯� $û�áªÉ to

ú
¯� (É	�k´S�w�1¶
���

9: else

10: add

ú
¯� $û�áªÉ to

ú
¯� (É1î�³��´.�w�w¶
���

11: end if

12: end for

13: end for

14: end for

15: selectthetop â featureswhichminimizeú
¯k (É	��´.�w�1¶����ú
¯� (É¹î�³��´.�w�1¶���� (4.23)

The applicationof this selectionalgorithmwith the purposeof selectingthe 39 mostdiscrim-

inative featureseliminatedmostof the articulatoryfeatures;only the featuresvowel, fricative,

labial, coronal, glottal, -roundand low wereretained.Of the 39 MFCC features,the follow-

ing coefficientswerediscarded:the zero’th andsecondbasiscoefficients, ��� and �q� , the first

derivativesof the first, second,third andfourth basiscoefficients, ���¾ÍËû����q��û�������û������ , and

thesecondderivativeof thefourthcoefficient, ������� . Theremainingfeatureswerethenusedto

train up a combinedsystemwith a 256-classcodebookwith full covariancematrices.Thefinal

systemachieved a word error rateof 31.08%,which washigherthaneitherof the word error

ratesobtainedby thebaselinesystems.

Theremaybevariousreasonsfor this increasein word error rate:first, it maybe thecasethat

thebootstrapsystemis notaccurateenoughto begin with: thecombinedfeaturespacehas65di-

mensionsbut thecodebookonly contains256classeswith diagonalcovariancematrices,which

mayleadto a poormodelingperformance.This is alsoevidencedby thefact that thebootstrap
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systemachieved a fairly high word error rateof 32.23%.Second,the frequenciesof different

modelswere not taken into accountexplicitly. Sincethis is a supervisedselectionalgorithm

which takesinto accountinformationaboutthemodelidentity, differentmodelscouldin princi-

plebeweightedor de-weightedselectively, e.g.accordingto their frequency or their information

content.If no weightingis used,frequentmodelscontributemorestronglyto theselectionpro-

cedurethaninfrequentmodels.This maynot be desirable.As an example,considerparticular

applications,suchasword spottingor speechunderstanding,whereit maybenecessaryto cor-

rectlyrecognizecertaininfrequentbut highly informativewords.In thesecasesthecontributions

from theacousticmodelsin thesewordscouldbeweightedmorestrongly. On a moregeneral

note,modelscouldalwaysbeweightedwith respectto their relevancefor higher-level distinc-

tions. If, for instance,the recognitiontaskconsistsof a spellingtaskinvolving highly similar

alphabetletterssuchasb, c, d, e, g etc.it is obviousthatthedistinctive informationis provided

by theinitial consonant.It is thereforeimportantthatthefeaturesetis designedsuchthatit can

accuratelydiscriminatebetweentheseconsonants.

A third reasonfor thedropin performancemaybethefactthatthisfeatureselectionmethoddoes

not take into accountthestatisticaldependenciesbetweenfeatures– althoughthefeaturesmay

bediscriminative whenconsideredin isolation,the resultingoverall featuresetmaybe highly

redundant.An optimalselectionmethodshouldthereforebebasedon a criterionwhich jointly

minimizesredundancy andmaximizesdiscriminability.

Nevertheless,thisfeatureselectionmethodyieldssomeinterestinginsightsinto thekindof infor-

mationwhicharticulatoryfeaturesmayprovidein additionto standardMFCCfeatures.Compare

thesetof articulatoryfeatureswhich wereretainedby theselectionalgorithm,vowel, fricative,

labial, velar, glottal, -roundandlow, to theplot of thediagonalsof thephoneconfusionmatri-

ces(Figure4.1onpage88).Wecanseethatthephoneswhicharerecognizedmorecorrectlyby

theAF systemincludetheroundedvowels /o,O,2:,9,u:,y:,Y/,andtheconsonants/k,g,N,b,v,h/.

Theseshow acorrespondencewith theabovefeaturesin thatoneor severalof thesefeaturescan

beusedto definethephones.For instance,it is likely thatparticularfeaturevaluesfor voweland

-roundarepicked out by the systemto discriminatebetweenroundedandunroundedvowels.

Similarly, theconsonantalplacefeatureslabial, velar, andglottal mayhelpto moreaccurately

identify thephones/k,g,N,b,v,h/.

4.6 Experiments on Noisy Data

In order to verify the observationsmadein Chapter3 aboutthe performanceof articulatory

featuresin noise,additionalexperimentson noisy datawere conductedusing the Verbmobil

database.Sincenoisy testdatawasnot includedin thedistribution of thecorpus,it wasartifi-
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System WER INS DEL SUB �
MFCC pink 30 dB 36.93% 1.66% 15.37% 19.90% +27%

AF pink 30 dB 39.20% 1.58% 15.88% 21.73% +29%

MFCC pink 20 dB 56.18% 2.06% 26.19% 27.93% +93%

AF pink 20 dB 58.34% 1.83% 26.54% 29.96% +91%

MFCC pink 10 dB 82.94% 0.39% 48.46% 34.09% +185%

AF pink 10 dB 86.54% 0.17% 50.47% 35.81% +184%

MFCC pink 0 dB 98.76% 0.00% 93.40% 5.36% +240%

AF pink 0 dB 97.84% 0.00% 88.22% 9.62% +221%

Table4.13:Word error ratesobtainedon the Verbmobiltestset,cleanspeechwith addedpink

noise.Deltavaluesindicatetherelative increasein word errorratecomparedto the

resultson thecleantestset.

cially generatedby addingdifferentnoisesignalsfrom the Noisex database[119] to the clean

speechsignals.Specifically, pink noiseor babblenoise(a recordingof 100peopletalking in a

canteen)wereaddedto thesignalat variousSNRs,viz. 0, 10,20and30 dB.

Training wasin eachcasecarriedout on cleanspeech;testswereperformedon noisy speech.

Otherthantheusualchanneladaptationby cepstralmeansubtractionmentionedabove,nonoise

adaptationwasperformedin eitherthearticulatoryor theacousticsystem.Tables4.13and4.14

show theworderrorratesobtainedby thedifferentsystemsacrossdifferentacousticconditions,

aswell astheincreasein word errorraterelative to thecleantestcondition.

In general,the word error rates increasedrastically with decreasingsignal-to-noiseratio.

Whereastheincreaseis moderateat a high SNR(30 dB), systemperformancedeclinesrapidly

at 10 or 0 dB SNR.In the latter two casesthe large numberof deletionsvs. thesmall number

of insertionsis explainedby the fact that many of the actualreferencewordsarereplacedby

noisemodelsin therecognitionoutput,which arenot taken into considerationby thedynamic

programmingscoringmodule.

We canseethattheAF systemperformsworsethantheMFCC systemin almostall testcondi-

tions.Underhighly noisyconditions(0 and10dB SNR)theAF systemshowsasmallerrelative

increasein word error ratecomparedto the cleantestconditionthanthe MFCC system,both

on pink noiseand babblenoise.It shouldbe observed, however, that both systemsexhibit a

very poor performancein thesecasesin general;the extremelyhigh word error ratesof over

90%indicatethathardlyanything hasbeenrecognizedcorrectly. Thus,it is questionableif the

differencein relativedegradationis meaningfulat all in thiscontext.

Finally, let us take a look at how a combinedsystemperformsundertheseconditions.Since
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System WER INS DEL SUB �
MFCC babble30 dB 30.08% 1.71% 8.74% 19.64% +4%

AF babble30dB 32.57% 1.80% 10.42% 20.35% +7%

MFCC babble20 dB 40.37% 2.53% 13.85% 23.99% +39%

AF babble20dB 41.77% 1.61% 14.72% 25.44% +37%

MFCC babble10 dB 65.57% 1.01% 30.78% 33.78% +125%

AF babble10dB 74.68% 0.54% 38.95% 35.19% +145%

MFCC babble0 dB 93.95% 0.06% 73.38% 20.51% +223%

AF babble0 dB 96.03% 0.00% 81.62% 14.41% +215%

Table4.14:WorderrorratesobtainedontheVerbmobiltestset,cleanspeechwith addedbabble

noise.Deltavaluesindicatetherelative increasein word errorratecomparedto the

resultson thecleantestset.

System WER INS DEL SUB

pink 30dB 35.53% 2.17% 13.24% 20.12%

pink 20dB 54.32% 2.81% 22.57% 28.94%

pink 10dB 81.08% 0.64% 45.28% 19.56%

pink 0 dB 98.45% 0.00% 92.41% 6.04%

Table4.15:Word error ratesobtainedon the Verbmobiltestset,cleanspeechwith addedpink

noise,state-level combinedsystem.

state-level combinationyieldedthebestresultson thecleantestsetthis methodwasalsoused

for combinationexperimentsonthenoisytestsets.As before,normalizedlikelihoodswerecom-

binedby meansof aweightedproductrule,usingaweightof 0.8for theMFCC systemand0.2

for theAF system.Tables4.15and4.16presenttheword errorratesobtainedby thecombined

acoustic/articulatorysystem.Thoseword errorrateswhich constitutesignificantimprovements

comparedto thebetterof thetwo baselinesystemsareshown in boldface.Wecanseethat,with

theexceptionof the0 dB SNRpink noisetestcondition,thecombinedsystemalwaysachieves

asignificantreductionin word errorrate.
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System WER INS DEL SUB

babble30dB 28.41% 2.56% 6.95% 18.89%

babble20dB 34.96% 2.81% 9.41% 22.74%

babble10dB 64.05% 1.58% 27.21% 35.53%

babble0dB 93.09% 0.06% 74.32% 18.71%

Table4.16:WorderrorratesobtainedontheVerbmobiltestset,cleanspeechwith addedbabble

noise,state-level combinedsystem.

4.7 Summar y and Discussion

In thischapterwehavepresentedanarticulatoryfeaturebasedrecognizerfor a large-vocabulary

conversationalrecognitiontask,viz. theGermanVerbmobilcorpus.Contraryto thestudypre-

sentedin the previous chapter, which was carried out in the hybrid HMM/ANN modeling

paradigm,theexperimentsin thischapterwerebasedonatied-mixtureHMM acousticmodeling

approach.We have seenthat theAF systemis capableof achieving a recognitionperformance

closeto that of the MFCC baselinesystem(30.47%vs. 29.03%);however, the differenceof

1.44%wasstatisticallysignificant.The error analysesappliedto the two systemsshowed that

themajorcauseof thisdifferenceseemedto bethelargernumberof confusionsbetweendifferent

acousticmodelsin theAF system.Furtheranalysesindicatedthatthecauseof theseconfusions

maybethepoorerseparabilityof phoneticclassesin articulatoryfeaturespacecomparedto the

acousticfeaturespace,which naturallyinfluencesthecapabilityof thesystemof discriminating

betweendifferentmodelsat higherlevels,i.e. phoneandword recognition.

Whatarethereasonsfor thefuzzierphoneclassdistributionsin articulatoryspace?Onepotential

causemaybethehighdegreeof quantizationinherentin thearticulatoryfeaturerepresentation.

Thearticulatoryfeaturenetworksmapthepreprocessedacousticsignal(which, in thiscase,has

39 dimensions)to a setof 26 broadarticulatoryclasses.This quantizationis in somecasescer-

tainly inadequate:vowels,for instance,areclassifiedaseitherhigh, mid, or low, front or back,

androundedor unrounded. Consideringthewide rangeof possiblevowel spectra,this classifi-

cationmaybetoo coarseto preserve all theinformationencodedin theacousticrepresentation.

Obviously, thislossof informationdid notcruciallyaffectrecognitionperformanceonthesmall-

vocabulary taskdescribedin Chapter3. However, in thecaseof large-vocabulary recognitionis

seemsto beimportantto usea morefine-grainedrepresentationwhich enablesthehigher-level

recognitionmodulesto maintaindistinctionsbetweenalargenumberof lexical items.In view of

thestronglysimplifiedarticulatoryspeechsignalrepresentation,it evenis somewhatsurprising

that the AF systemstill achievesa reasonablerecognitionrate– however, this may be dueto

the high accuracy of the featuredetectionnetworks which yields a fairly robust,althoughnot
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necessarilydiscriminative,representation.

In spiteof thefactthatthearticulatoryrepresentationdoesnot seemto besufficient in itself for

large-vocabulary speechrecognition(at leastwithin the predominantGaussianmixture/HMM

modelingparadigm),wehaveseenthatit doesprovideinformationwhichis notcontainedin the

standardMFCCrepresentation.Fromthephoneconfusioncharacteristicsandthediscriminative

featureselectionexperimentwe cantentatively concludethatthis typeof informationis related

to placeof articulationfeaturesaswell asfeaturesdescribinglip rounding.It is interestingto

notethatmostof thesefeatures,e.g.velar andglottal, areheavily context-dependent– it may

thusbethecasethattheuseof temporalcontext at thefirst classificationlevel in theAF system

leadsto morereliablescoresfor thesefeaturesandtherebyto a moreaccurateidentificationof

thephoneswhich they characterize.

Thecombinationof theAF andMFCC basedrecognitionsystemsat theHMM statelevel and

at the word level yielded significant improvementsover the MFCC baselinesystemin both

cases.Theabsoluteimprovementswere1.62%(state-level combination)and1.06%(word-level

combination),respectively. By contrast,the feature-level combinationmethodswhich werein-

vestigated,PCA anddiscriminative featureselectionboth led to significantincreasesin word

errorrate.In additionto thepossibleexplanationsmentionedabove (interactionsbetweenPCA

and embeddedtraining, featureselectionwithout taking accountof the statisticaldependen-

ciesbetweenfeatures,etc.),someproblemsmight beposedby thejoint distributionalmodeling

requiredwhensystemsarecombinedat the featurelevel. MFCC featureshave nearGaussian

distributionswhich canbe modeledwell with a moderately-sizedGaussiancodebook.In the

joint featurespace,by contrast,theclassdistributionsmaylook morecomplicatedandrequirea

largernumberof mixturecomponentsthanwasusedin theexperimentsdescribedabove.



Chapter 5

Conc lusions

In this chapterwe will give a summaryof the work presentedin the courseof this thesisand

evaluatethe resultsin the light of our initial hypothesesaboutthe useof articulatoryfeatures

in speechrecognition.We concludewith suggestionsaboutpossiblefuturework in this areaof

speechresearch.

5.1 Summar y and Discussion

We beganthis thesisby describingthe variousshortcomingsof currentstate-of-the-artspeech

recognitionsystems,viz. lackof noiserobustness,inaccuratebottom-upacousticmodeling,sen-

sitivity to conversationalspeechphenomena,and rigid languagemodel constraints.We then

expoundedthearticulatoryfeaturebasedapproachto acousticmodelingandexplainedits pos-

sible contributions to solving the first two of theseproblems.In particular, we mentionedits

potentialfor moreaccuratebottom-upstatisticalclassification,thepossibilitiesif offers for se-

lective processingof differentaspectsof speechsounds,aswell asfor improvedcoarticulatory

modeling,and,finally, thegreaterrobustnessof articulatoryfeaturestowardsspeakervariability

andnoise.

Previousapproachesto employing articulatoryrepresentationsin speechrecognitionweredis-

cussedandevaluated.It wasfoundthat,to a largeextent,many of theseapproacheswereaban-

donedprematurely– specifically, they failedto addressthepotentialof articulatoryrepresenta-

tions in adverseacousticenvironmentsandtheir applicationto largevocabulary speechrecog-

nition. In additionto this, they did notprovidedetailedanalysesof thecharacteristicdifferences

betweenarticulatoryandstandardacousticspeechrepresentations,and,asa consequence,did

notofferprincipledstrategiesfor combiningthem.Thesequestionsweresubsequentlyaddressed

in two applicationstudies.

In thefirst study, carriedout within thehybrid HMM/ANN paradigm,we describedtheappli-

cationof thearticulatoryapproachto a small-vocabulary continuousnumbersrecognitiontask
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(OGI Numbers95)on band-limited(telephone)speech.In additionto theunmodifiedcleantest

set, reverberantspeechandspeechcorruptedby pink noisewereusedas test conditions.We

observed that the acousticandarticulatorysystemsdid not exhibit any significantquantitative

differencesin cleanconditions;in reverberantandnoisyspeech,however, thearticulatorysystem

supersededtheacousticbaselinesystem.Therelative improvementsover thebaselinesystemin

highly noisyconditions(10dB and0 dB SNR),8.3%and13.1%,respectively, werestatistically

significant.

Furthermore,it was shown that the acousticand articulatorysystemsextract different infor-

mation from the speechsignal. Although thesedifferenceswere not amenableto an overall

interpretationin phoneticor articulatoryterms,they demonstratedthe potentialfor recognizer

combination.Variousframe-level combinationstrategieswereinvestigated.It wasfoundthatthe

bestresultsin termsof the tradeoff betweentraining/testingrequirementsandrecognitionrate

wereobtainedby simplelinearcombinationsof theposteriorphoneprobabilitiesat theframe-

level. Of the four combinationschemeswhich weretested(product,averaging,max, min), the

productandtheminschemesturnedout to bethemostsuccessful.An analysisshowedthatthese

rulesenhancethediscriminabilityof thephoneclassifiermostby producingsharp,low-entropy

phoneprobabilitydistributionsin thecaseof correctdecisionsandflatter, high-entropy distribu-

tionsin thecaseof incorrectclassifications.This in turn led to a betterdifferentiationof correct

andincorrecthypothesesat theword level.Significantimprovementsof theworderrorratewere

obtainedacrossall acousticconditionsby productrule combination.

Thesecondapplicationstudywasconcernedwith large-vocabularyconversationalspeechrecog-

nition (the GermanVerbmobil corpus).This study differed from the previous applicationin

termsof the language(Germanvs. AmericanEnglish),thevocabulary size( 5300vs. 32), the

speechsignalquality (full-bandwidthvs. telephonespeech),thespeechmode(spontaneousdi-

aloguesvs. continuousnumbers),andthe recognitionsystem(tied-mixtureHMMs vs. hybrid

HMM/ANN modeling).Theword error ratesof theacousticandarticulatorybaselinesystems

were fairly close;however, the acousticsystemexceededthe articulatorysystemby 1.44%,

which wasstatisticallysignificant.A subsequenterroranalysisrevealedthatmostof theerrors

in thearticulatorysystemwerecausedby confusionsbetweendifferentacousticmodels.Again,

it wasshown that the informationprovided by the articulatorysystemwaspartially different

from thatin theacousticsystem.

State-level combinationtechniquessimilar to thoseusedin the pilot study yielded a signifi-

cant improvementover the acousticbaselineof 1.62%.Additionally, word-level and feature-

level combinationschemeswereinvestigated.The word-level combinationschemewasbased

on combiningthe bestword sequencesemittedby the acousticandarticulatorysystemsinto

a word graphandsearchingthe bestpathamongthesehypotheses.This techniquealsoled to
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Corpus AcousticTest Acoustic Articulatory Combined

Condition System System System

clean 8.4% 8.9% 7.3%

reverberant 24.7% 23.7% 21.1%

Numbers95 pink noise,30dB 17.2% 17.4% 15.1%

pink noise,20dB 22.8% 21.7% 18.8%

pink noise,10dB 32.7% 30.0% 28.3%

pink noise,0 dB 50.2% 43.6% 41.6%

clean 29.03% 30.47% 27.41%

babblenoise,30 dB 30.08% 32.57% 28.41%

babblenoise,20 dB 40.37% 41.77% 34.96%

babblenoise,10 dB 65.57% 74.68% 64.05%

Verbmobil babblenoise,0 dB 93.95% 96.03% 93.09%

pink noise,30dB 36.93% 39.20% 35.53%

pink noise,20dB 56.18% 58.34% 54.32%

pink noise,10dB 82.94% 86.54% 81.08%

pink noise,0 dB 98.76% 97.84% 98.45%

Table5.1:Summaryof quantitativeresults.

a significant,albeit somewhat smaller, improvementover the acousticbaselineof 1.06%.The

main problemwith this methodturnedout to be the normalizationof the acousticlikelihoods

which formedpart of the word hypothesisscoresin the combinedword graph.Feature-level

combinationinvolved(a) PrincipalComponentAnalysis,asa standardfeature-spacereduction

andoptimizationtechnique,and(b) a discriminative featureselectionalgorithm.Both methods

led to anincreasein word errorrate.

Finally, theperformanceof thesesystemswastestedonvariantsof thecleantestsetcorruptedby

addedpink or babblenoise.It wasfoundthattheperformanceof theacousticsystemexceeded

thatof theacousticbaselinesystemin mostcases.A systemcombiningmodelscoresat thestate

level, however, obtainedsignificantimprovementsover thebetterof thetwo baselinesystemsin

almostall conditions.Table5.1summarizesthemostimportantquantitative resultsobtainedin

this thesis.

Let usreview our initial hypothesesin thelight of theexperimentalevidencewehavegathered.

Thefirst of thesehypotheseswasthatacascadedclassificationschemewith asetof articulatory

featureclassifiersat the first level and a combiningmoduleat the secondlevel should lead

to a betterclassificationaccuracy of the entire the bottom-upacousticmodelingcomponent.
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This predictionwasshown to be largely correctin the first applicationstudy. All articulatory

recognizersachieveda higheraccuracy thanthesingle-stepphoneclassifier. Although this did

not leadto a higherphoneclassificationaccuracy of the overall articulatoryclassifierin clean

conditions,it did producea significantlyhigherclassificationaccuracy in reverberantandnoisy

conditions.

No conclusive evidencein supportof the effectivenessof the decompositionalmodelingap-

proachcouldbegainedfrom thelarge-vocabulary experiments.This mayhave severalreasons:

asmentionedin thebeginning,thesuccessof thisapproachdependsonavarietyof factors,such

astheaccuracy of theindividualfirst-level classifiers,thecorrelationamongtheirerrors,andthe

sensitivity of thehigher-level combinationmoduleto estimationerrorsin thelower-level classi-

fiers.An importantdifferenceto theexperimentscarriedout in thehybridmodelingparadigmis

thetypeof higher-levelclassifiers,i.e.aGaussianmixtureclassifierasopposedto anMLP. In the

caseof anMLP, theweightsfor eachinputfeature(i.e. for eacharticulatoryfeaturescore)canbe

adjusteddirectlywith respectto theclassdiscriminantfunctions.In theGaussianmixtureclassi-

fier, by contrast,theindividual featuresarenotweightedaccordingto this criterion.Instead,the

classifierattemptsto mostcloselyapproximatethedistributionof thearticulatoryfeaturesscores

by a mixtureof normaldistributionswhereall first-level classifieroutputscontributeequallyto

computingthelikelihoodsof individualmixturecomponents.

Thesecondhypothesiswasthatthearticulatoryapproachshouldprovide for greaterrobustness

in noise.Thisassumptionis notentirelyseparablefrom thefirst hypothesisasgreaterrobustness

may alsobe inducedby decompositionalclassification.Furthercontributing factors,however,

might be theuseof temporalcontext at the lowestclassificationlevel, thegreaterinsensitivity

of articulatoryfeaturesto noiseper se, aswell asthe focuson relative asopposedto absolute

frequency patterns.Again, we saw this hypothesisconfirmedin the numbersrecognitionpilot

studybut not in thelarge-vocabulary study. However, it wasthecasein bothstudiesthatacom-

binationof theacousticandarticulatoryrepresentationsled to improvementsover theacoustic

baselinein noisyconditions,showing thatsomeof thearticulatoryinformationis beneficialin

noise.

Themajorgoalthenwasto identify thekind of informationprovidedby theAF systemin addi-

tion to standardspeechfeatures.This is importantin sofarasknowledgeaboutthis information

mayresultin a moreaccurateandspecializeddesignof featuredetectorsor in animprovement

of, or extensionsto, currentpreprocessingtechniqueswith thegoalof incorporatingthis infor-

mation.To this endwe applieda discriminative featureselectionalgorithmwith the objective

of selectingthatsubsetof thecombinedacousticandarticulatoryfeaturesetwhich would pro-

vide the bestdiscriminationamongphonemodels.Although most articulatoryfeatureswere

discardedby this process,seven featureswere retained,most of which describeconsonantal
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placeof articulationcategories.It wasnoticeablethat mostof thesefeatureswere correlated

with thosephoneswhich werealsoclassifiedmoreaccuratelyin thebaselineAF system.These

conclusionsare,naturally, tentative andneedto be corroboratedby further experimentalevi-

dence.However, it seemsvery likely that the informationwhich is providedby theAF system

involves information abouthighly context-dependentaspectsof speechsoundswhich cannot

be distinguishedvery well on the basisof individual acousticfeaturevectors.Two important

factorsmaybe the inclusionof temporalcontext at the level of articulatoryfeatureprobability

estimation(which maybemoreeffective thansimply includingdeltacoefficients),or thefocus

of articulatoryfeatureclassifierson relativeasopposedto absolutefrequency information.

Sofar, mostof thework on articulatoryrepresentationsin ASR hasbeendirectedat extracting

articulatoryfeaturesor parametersfrom theraw or preprocessedacousticsignal.Thebehavior

of theseparametersin a complex speechrecognitionsystem,by contrast,hasbeenstudiedless

intensively, if at all. This thesisis, to our knowledge,the first comprehensive studywhich has

testedandanalyzedarticulatoryfeaturebasedrecognitionsystemsacrossdifferent languages,

differentrecognitiontasks,differentmodelingparadigms,anddifferentacousticconditions.The

mainconclusionsto bedrawn from theseanalysesis that

� it is possiblefor articulatoryfeaturebasedsystemsto achieve a performancecomparable

to thatof state-of-theart acousticsystems,

� in certaindeterioratedacousticconditions(telephonespeech,noise)andon smallvocab-

ulary they mayshow adistinctly superiorperformance,

� articulatoryfeaturesprovide informationwhich is partially complementaryto the infor-

mationprovidedby commonlyusedacousticrepresentations,

� in mostcases,thecombinationof acousticandarticulatoryfeaturerepresentationsleads

to abettersystemperformance.

Thesefactsshouldbesufficient to put articulatoryrepresentations“back on themap” for auto-

maticspeechrecognition.

5.2 Future Work

Thereremaina numberof issueswhich couldnot beentirely resolvedwithin thescopeof this

thesisandwhichdeserveadditionalresearch.Wewill discusseachof thesein turn,startingwith

the “low-level” aspectsof the AF systemandproceedingto the top level. At the lowestlevel,

i.e.at thelevel of mappingtheacousticsignalto articulatoryfeaturescores,severalthingsmight
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beimproved.As wealreadynotedbefore,specializedacousticfeatureextractorsmaybeusedas

front-endsfor differentarticulatoryclassifiers.Theclassifierfor voicing features,for instance,

might benefitmost from a front-endwhich computese.g. the zero-crossingrate,normalized

log energy or the ratio of theenergy in low vs. high frequency bands.Variousspeechanalysis

studieshave examinedcombinationsof specializedfeatureextractorswith statisticalclassifiers

for certainarticulatoryfeatures,suchasvoicing [8, 52], nasality[101], or vowel height[9]. The

featuredetectionerrorratesreportedin thesestudiesgenerallyarebelow 5%.It shouldbenoted,

however, thatvery smalldatabaseswereusedfor theseexperiments,e.g.30 speaker-dependent

sentencesfrom the ResourceManagementdatabasein [52]. Similarly low error ratesmight

thereforenot be obtainedif theseor comparablemethodswereappliedto the corporausedin

this thesis.Nevertheless,it is reasonableto assumethatspecializedfeatureextractionfront-ends

will improvefeaturerecognition.At thesametime,speechenhancementor noisecompensation

algorithmscouldbeappliedselectively to differentfeatureclassifiersat this level.

Furtheroptimizationscanalsobemadeto theclassifierschosento extractarticulatoryfeatures.

AlthoughMLPs have shown a goodperformanceacrossall recognitionconditionsinvestigated

in this study, theremay be somefeatures,especiallyin the place featuregroup, which are

not amenableto classificationby an MLP. More powerful classifiers,suchasSupport-Vector-

Machines[117], recentlyappliedto thedetectionof phoneticfeaturesby [92], mightyield better

resultssincethey canbetrainedin sucha wayasto find globalinsteadof local minimawith re-

spectto theerrorcriterion.

Even with respectto our MLP classifiersnot all possibilitiesof optimizationwereexhausted.

In particular, no restrictionwasmadeon the continuity of the outputof a given MLP across

time. An explicit continuity constraintcould be integratedin the form of a differentobjective

functionusedduring training.As mentionedin Chapter3, theobjective functionwe useis the

mean-squarederrorbetweenthenetwork output ø andthetarget � :

��� ü�¯Êø û��~É Ç�ü�ý¯�øb¼��tÉ � � (5.1)

Anothercriterioncouldbeusedinsteadwhich seeksto jointly minimize themean-squareder-

ror betweenthenetwork outputandthe targetandthemean-squarederrorbetweenthecurrent

outputandtheprevious(or   previous)output(s).Both thesecomponentscouldadditionallybe

weighted,leadingto thefollowing objective function

 ¯Êø!�¹û��"�1û3ø!� Ì�ÍËû�����ûPø!� Ìí³+ÉJÇ�ü�ý ñq¯�ø!�_¼��"��É � à$#
³%
î'&_Í ¯�ø�¼�ø!� ÌíîkÉ

� �
(5.2)

where  is thetemporalwindow onthenetworkoutput ø , ø!� and�"� areoutputandtargetattime ² ,
and ñ and # aretheweightsfor thedifferenttermsof thefunction.An objectivefunctionof this

form mightpreventstrongframe-to-frameoscillationsof theMLP outputs.A similarsmoothing
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Figure5.1:SimpleBayesiannetwork structurefor acoustic/articulatorydependencies.

function is also usedin articulatorycodebooklookup in the context of transformation-based

acoustic-articulatorymapping[100,104].

Throughoutthis thesiswe have beenusing a parallel arrangementof neuralnetwork feature

classifierswithoutany explicit dependency relationsbetweenthedifferentnetworksor between

individualfeatures.Thereasonfor thiswasthatthehigher-level classifiershouldbeableto learn

any restrictionson featureco-occurrencesautomaticallyduring training. However, statistical

dependency relationsbetweenindividual featuresor entire featuregroupsmight be exploited

whenestimatingthearticulatoryfeatureprobabilitiesthemselves.For instance,theprobabilities

of the featuresin the roundinggroup might be dependenton thosein the voicing group,or

themannerfeaturesmight bedependenton placefeatures.This canconvenientlybeexpressed

usinga graphicaldependency model,wherenodesrepresentrandomvariablesand (directed)

arcsrepresentconditionaldependencerelationsbetweenthesevariables[98, 65]. An arcgoing

from nodeA to nodeB meansthatB is conditionallydependentonA. Considerfirst Figure5.1.

The root nodein the graphis associatedwith a randomvariable ) , representingthe acoustic

featurevector. Theothervariables,* ,
�

, õ ,
 

, and + representrandomvariablesfor theoutputs

of thevoicing, manner, place, front-back androundingnetwork, respectively. In Figure5.1,all

network outputsdependontheacousticvariable) but notoneachother;they areconditionally

independentof eachothergiven ) . In Figure5.2, however, additionaldependenciesbetween

thearticulatoryvariableshavebeenintroduced,sothattheplacevariableõ , for instance,is now

dependenton both
�

and ) . Theseadditionaldependenciescanbe specifiedheuristically, or

they canbelearntin adata-drivenway, usingstandardmodelselectiontechniques(seee.g.[59,

58] for BayesianNetwork structurelearning).If multipledependenciesweretakeninto account,

articulatoryfeatureprobabilityestimationmightbecomemorerobust.

As we saw in Chapter3 thefeature-phonemappingbenefitsfrom largetemporalcontexts.This

suggeststhatunitslargerthanphonesshouldbeusedfor theintegrationof AF probabilities.An

obviouscandidatewould be thesyllable.However, therearea numberof problemsassociated
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Figure5.2:Bayesiannetwork structurewith addeddependenciesbetweenarticulatoryvariables.

with usingsyllable-sizedunits in statisticalspeechrecognition.Themostsevereof theseprob-

lemsis thatlargersubwordunitsgohandin handwith areducedamountof trainingmaterialfor

eachunit, leadingto undertrainingof themajorityof models.Thisproblemcanbecircumvented

by usinga combinedsystemwhich usessyllable-sizedmodelsfor only themostfrequentsylla-

blesandphonemodelselsewhere[50]; however, this alreadyconstitutesa severecompromise

with respectto thetemporalmodelingpower. A furtherpossibilitymightbetheuseof diphones

asaunit intermediatebetweenphonesandsyllables,or shiftingto anentirelydifferentmodeling

paradigm,suchassegmentalmodels[95]. A segmentalmodeltriesto approximatethejoint dis-

tribution of a variablelength-sequenceof featurevectors,.-�����û/,10 giventhelength   andsome

model � :
�±¯�,.-�û�����û/,10�ö  $û»�¤É (5.3)

Thiscanberepresentedas

Â32	4 ³t¯�, 0 - ÉÊ�±¯k  ö �¤É (5.4)

i.e. it can be factorizedinto the observation probability Â32	4 ³t¯�, 0 - É for the sequenceof feature

vectors,.-�����û/,50 andthedurationdistribution �±¯�  ö �¤É . Segmentalmodelsarenot restrictedto any

particulartype of unit; thus, � could be a syllablemodeland ,.-�����û/,50 could be a sequenceof

articulatoryfeaturevectors.

As far as the combinationof acousticand AF representations,or of modelsbasedon these

representations,is concerned,it hasbecomeclear that discriminative combinationalgorithms

offer thegreatestpotentialfor successfulcombination.In thecontext of state-level or word-level

combination,combinationweightscould be usedwhich are traineddiscriminatively, in order

to minimize theclassificationerroror to maximizethedistancebetweenmodels’(state,word,

sentencemodels)posteriorprobabilities.Discriminative trainingalgorithmshave recentlybeen

studiedin somedetail [10, 22, 109]. It hasbeenshown that,in themajority of cases,they lead
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to animprovementover conventionalMaximum-Likelihoodtraining.Thus,it is to beexpected

thatthesemethodswouldalsoyield goodresultswhenappliedto trainingcombinationweights.

It hasbecomeclear in the courseof this thesisthat onemajor advantageof the AF approach

might bethedecompositionalclassificationaspect,which leadsto greaterstatisticalrobustness

in certainsituations,suchasacousticallydeterioratedspeech.However, theparticularapproach

we have suggestedis suboptimalin that it makesheuristicassumptionsaboutthe type of sub-

phonemiccomponentsthatareextractedfrom theacousticsignalat thefirst classificationstage:

weareassumingtheexistenceof certainarticulatorycomponentsbasedonourknowledgeabout

humanspeechproduction.However, asevidencedby thecomparatively low detectionratesfor

certainarticulatoryfeaturesas opposedto others(e.g. the bestdetectionrate for dental was

57.03%, comparedto 79.78%for velar on theNumbers95corpus)theseassumptionsmaynot

always correspondclosely to reality. The samecriticism can in principle be leveled against

theotherdecompositionalapproachto acousticmodelingwe mentionedin this thesis,viz. the

subbandapproach,which incorporatesheuristicassumptionsaboutthenumberandbandwidths

of frequency subbands.Theoptimal solutionwould bea form of data-drivendecompositional

acousticmodeling– thenumberandthetypeof subphonemiccomponentsshouldbeextracted

from thedataratherthanspecifiedin advance.Thiscouldbedone,for instance,by usingamul-

tiple clusteringprocedureto arrive at subphonemic“features”or classes.Theideais to subject

theacousticdatato severalparallelunsupervisedclusteringprocedureswhich aredistinguished

by differentclusteringcriteria or differentinitial transformationsof thedata,suchasdifferent

featureextractionsalgorithms,or filters with differenttemporalresolutions.Theresultingclus-

terswouldthenbeassignedabstractidentifiers(e.g.numbers)andthedatawouldberelabeledin

termsof theseidentifiers.A setof classifierscouldthenbetrainedon these“features”andtheir

outputscouldbecombinedin analogyto theAF or subbandapproach.Therecognitionof these

“features”shouldbefairly accuratebecausethey areknown to form clustersin theinput space.

If thenumberof final classesin eachcodebookderivedby clusteringis smallerthanthenumber

of subwordunits,advantagecanbetakenof thesamedata-sharingpropertieswhich arecharac-

teristicof articulatoryfeatures.Thus,this methodwould combinetheadvantagesof beingable

to exploit trainingdatain anoptimalwayandbeingableto focusonclasseswhichareknown to

have correspondingclustersin theinput space.Potentially, this typeof clusteringcouldalsobe

appliedacrossdifferentacousticconditionsto yield a “feature”setwhich is maximallyrobustin

thepresenceof highly variableinput data.This or otherwaysof detectingthesalientproperties

of speechin aself-organized,data-drivenwaymayeventuallybecomethemethodof choicefor

devising robustclassificationschemes.
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Chapter A

Appendix

zero fifteen

oh sixteen

one seventeen

two eighteen

three nineteen

four twenty

five thirty

six forty

seven fifty

eight sixty

nine seventy

ten eighty

eleven ninety

twelve hundred

thirteen uh

fourteen um

TableA.1: Word list of theNumbers95corpus
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Phone Features Description

i: +voice,vowel, high, front,-round,-central Miete

I +voice,vowel, high, front,-round,+central Mitte

y: +voice,vowel, high, front, +round,-central Hüte

Y +voice,vowel, high, front, +round,+central Hütte

e: +voice,vowel, mid, front, -round,-central Beet

E +voice,vowel, low, front, -round,+central Bett

E: +voice,vowel, low, front, -round,-central Räte

a: +voice,vowel, low, back,-round,-central Rat

a +voice,vowel, low, back,-round,+central Ratte

6 +voice,vowel, low, -round,+central Retter

@ +voice,vowel, mid, -round,+central Ratte

u: +voice,vowel, high,back,+round,-central Mut

U +voice,vowel, high,back,+round,+central Mutter

o: +voice,vowel, mid, back,+round,-central Boot

O +voice,vowel, mid, back,+round,+central Motte

p -voice,stop,labial Pein

b +voice,stop,labial Bein

t -voice,stop,coronal Tank

d +voice,stop,coronal Dank

k -voice,stop,velar Kuß

g +voice,stop,velar Guß

Q -voice,stop,glottal

f -voice,fricative, labial vier

v +voice,fricative, labial wir

s -voice,fricative, coronal Rose

z +voice,fricative, coronal Roß

S -voice,fricative,palatal Schule

Z +voice,fricative,palatal Ingenieur

C -voice,fricative,high ich

j +voice,fricative,high ja

x -voice,fricative,velar ach

h -voice,fricative,glottal hallo

m +voice,nasal,labial mein

n +voice,nasal,coronal neun

N +voice,nasal,velar Gesang

r +voice,fricative, velar rot

l +voice,lateral,coronal Halle

TableA.2: Phone-featureconversiontablefor German.Phonetranscriptionsarein SAMPA no-

tation.
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Phone Features Phone Features

b +voice,stop,labial,nil, nil m +voice,nasal,labial,nil, nil
6 d +voice,stop,coronal,nil, nil em +voice,nasal,labial,nil, nil

g +voice,stop,velar, nil, nil 6 n +voice,nasal,coronal,nil, nil

p -voice,stop,labial,nil, nil nx +voice,approximant,coronal,nil, nil
6 t -voice,stop,coronal,nil, nil ng +voice,nasal,velar, nil, nil
6 k -voice,stop,velar, nil, nil en +voice,nasal,coronal,nil, nil

dx +voice,stop,coronal,nil, nil 6 l +voice,lateral,coronal,nil, nil

bcl +voice,stop,labial,nil, nil el +voice,lateral,coronal,nil, nil
6 dcl +voice,stop,coronal,nil, nil 6 r +voice,approximant,retroflex, nil, nil

gcl +voice,stop,velar, nil, nil 6 w +voice,approximant,labial,nil, nil

pcl -voice,stop,labial,nil, nil y +voice,approximant,high,nil, nil
6 tcl -voice,stop,coronal,nil, nil 6 hh -voice,fricative,glottal,nil, nil
6 kcl -voice,stop,velar, nil, nil 6 hv +voice,fricative,glottal,nil, nil

jh +voice,fricative,high,nil, nil 6 iy +voice,vowel, high, front, -round

ch -voice,fricative,high,nil, nil 6 ih +voice,vowel, high, front, -round
6 s -voice,fricative, coronal,nil, nil 6 eh +voice,vowel, mid, front, -round

sh -voice,fricative,high,nil, nil 6 ey +voice,vowel, mid, front, -round
6 z +voice,fricative,coronal,nil, nil ae +voice,vowel, low, front, -round

zh +voice,fricative,high,nil, nil aa +voice,vowel, low, back,-round
6 f -voice,fricative, labial,nil, nil aw +voice,vowel, low, back,+round
6 th -voice,fricative,dent,nil, nil 6 ay +voice,vowel, low, front, -round
6 v +voice,fricative, labial,nil, nil 6 ah +voice,vowel, mid, back,-round

dh +voice,fricative,dent,nil, nil 6 ao +voice,vowel, low, back,+round

oy +voice,vowel, low, back,-round 6 ow +voice,vowel, mid, back,+round

uh +voice,vowel, high,back,-round 6 uw +voice,vowel, high,back,+round
6 er +voice,vowel, retroflex, nil, -round axr +voice,vowel, mid, nil, -round
6 ax +voice,vowel, mid, back,-round ix +voice,vowel, high, front, -round
6 h# sil, sil, sil, sil, sil q -voice,vowel, glottal,nil, nil

TableA.3: Phone-featureconversiontablefor Numbers95.Phonetranscriptionsarein theICSI

phoneticalphabet.
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ICSI PhoneSet

Symbol Description Symbol Description

p pea em bottom

t tea en button

k key nx winner

pcl p closure l like

tcl t closure el bottle

kcl k closure r r ight

b bee er bird

d day axr butter

g gay y yes

bcl b closure w wire

dcl d closure iy beet

gcl g closure ih bib

ch choke ey bait

dx dirty eh bet

jh joke ae bat

th thin aa father

dh then ao bought

f fish ah but

v vote ow boat

s sound uh book

z zoo uw boot

sh shout ix debit

zh azure aw out

hh hay ay bite

hv ahead oy boy

m moon ax about

n noon h# silence

ng sing

TableA.4: ICSI phoneset
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Phone Features Phone Features

i: +voice,vowel, high, front,-round I +voice,vowel, high, front,-round

y: +voice,vowel, high, front, +round Y +voice,vowel, high, front, +round

e: +voice,vowel, mid, front, -round E +voice,vowel, low, front, -round

E: +voice,vowel, low, front, -round,-central a: +voice,vowel, low, back,-round

a +voice,vowel, low, back,-round,+central 6 +voice,vowel, low, -round,+central

@ +voice,vowel, mid, -round,+central u: +voice,vowel, high,back,+round

U +voice,vowel, high,back,+round o: +voice,vowel, mid, back,+round

O +voice,vowel, mid, back,+round,+central p -voice,stop,labial,nil, nil

b +voice,stop,labial,nil, nil t -voice,stop,coronal,nil, nil

d +voice,stop,coronal,nil, nil k -voice,stop,velar, nil, nil

g +voice,stop,velar, nil, nil Q -voice,stop,glottal,nil, nil

f -voice,fricative, labial,nil, nil v +voice,fricative, labial,nil, nil

s -voice,fricative, coronal,nil, nil z +voice,fricative, coronal,nil, nil

S -voice,fricative,palatal,nil, nil Z +voice,fricative,palatal,nil, nil

C -voice,fricative,high,nil, nil j +voice,fricative,high,nil, nil

x -voice,fricative, velar, nil, nil h -voice,fricative,glottal,nil, nil

m +voice,nasal,labial,nil, nil n +voice,nasal,coronal,nil, nil

N +voice,nasal,velar, nil, nil r +voice,fricative, velar, nil, nil

l +voice,lateral,coronal,nil, nil

TableA.5: Phone-featureconversiontablefor German.Phonetranscriptionsarein SAMPA no-

tation.
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0

0
0

1
0

0
1

0
0

1

v
1

0
0

0
0

1
0

1
0

0
0

0
0

0
0

0
0

1
0

0
1

0
0

1

j
1

0
0

1
0

0
0

0
0

0
0

0
1

0
0

0
0

1
0

0
1

0
0

1

h
0

1
0

0
0

1
0

0
1

0
0

0
0

0
0

0
0

1
0

0
1

0
0

1

l
1

0
0

0
0

0
1

1
0

0
0

0
0

0
0

0
0

1
0

0
1

0
0

1

r
1

0
0

0
0

0
1

0
0

0
0

1
0

0
0

0
0

1
0

0
1

0
0

1

Table
A

.6:P
honeticfeaturesusedto

com
putephonedistancein

erroranalysis:voiced
(+

voi),voiceless(-voi),silence(sil),vow
el(vo),stop,

fricative
(fric),

sonorant(son),labial(lab),coronal(cor),palatal(pal),velar(vel),glottal(glo),high
(hi),m

id,low
(lo),rounded

(+
ro),unrounded(-ro),neither(r-nil),front,back,neither(f-nil),

lax,tense(ten),neigher(tl-nil)



References

[1] A.M. AbdelattyAli, J. vanderSpiegel,andPaul Mueller. An acoustic-phoneticfeature-

basedsystemfor theautomaticrecognitionof fricativeconsonants.ProceedingsICASSP-

98, pages961–964,1998.

[2] JanW. Amtrup,H. Heine,andU. Jost.What’s in awordgraph– evaluationandenhance-

mentof word lattices.Proceedingsof Eurospeech-97, pages2663–2666,1997.

[3] B.S. Atal, J.J.Chang,M.V. Mathews, and J.W. Turkey. Inversionof articulatory-to-

acoustic transformationin the vocal tract by a computer-sorting technique. JASA,

63(5):1535–1555,1978.

[4] L. Bahl,P. F. Brown,P. V. deSouza,andR.L. Mercer. A new algorithmfor theestimation

of hiddenMarkov modelparameters.ProceedingsICASSP-88, pages493–496,1988.

[5] R. Battiti andA.M. Colla. Democracy in neuralnets:voting schemesfor classification.

Neural Networks, 7:691–707,1994.

[6] L. Baum. An inequalityandassociatedmaximizationtechniquein statisticalestimation

of probabilisticfunctionsof aMarkov process.Inequalities, 3:1–8,1972.

[7] E. Bax. Validationof votingcommittees.Neural Computation, 11(4):975–986,1998.

[8] A. BendiksenandK. Steiglitz. NeuralNetworks for voiced/unvoicedspeechclassifica-

tion. ProceedingsICASSP-90, pages521–524,1990.

[9] Y. BengioandR. De Mori. Useof neuralnetworksfor therecognitionof placeof articu-

lation. ProceedingsICASSP-88, pages103–106,1988.

[10] P. Beyerlein. Discriminative modelcombination. ProceedingsICASSP-98, pages481–

484,1998.

[11] N.N. Bitar andC.Y. Espy-Wilson. Knowledge-basedparametersfor HMM speechrecog-

nition. ProceedingsICASSP-96, pages29–32,1996.



128 1 References

[12] N.N. Bitar and C.Y. Espy-Wilson. The designof acousticparametersfor speaker-

independentspeechrecognition.ProceedingsEurospeech-97, pages1239–1242,1997.

[13] C.S.Blackburn andS.J.Young. Towardsimproved speechrecognitionusinga speech

productionmodel.ProceedingsEurospeech-95, pages1623–1626,1995.

[14] E.L. BocchieriandJ.G.Wilpon. Discriminative featureselectionfor speechrecognition.

Computer, Speech andLanguage, 7:229–246,1993.

[15] H. BourlardandS.Dupont. A new ASR approachbasedon independentprocessingand

recombinationof partialfrequency bands.ProceedingsICSLP-96, pages422–425,1996.

[16] H. BourlardandS.Dupont.Subband-basedspeechrecognition.ProceedingsICASSP-97,

pages1251–1254,1997.

[17] H. Bourlard,S.Dupont,H. Hermansky, andN. Morgan.Towardssub-band-basedspeech

recognition.ProceedingsEUSIPCO-96, pages1579–1582,1996.

[18] C.P. BrowmanandL. Goldstein. Towardsan articulatoryphonology. In C. Ewenand

J. Anderson,editors,Phonology Yearbook2, pages219–252,Cambridge,UK, 1986.

CambridgeUniversityPress.

[19] C.P. Browman and L. Goldstein. Articulatory phonology:an overview. Phonetica,

49:155–180,1992.
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